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ABSTRACT    
Many individual-level behavioral interventions improve health and well-being. 
However, most interventions exhibit considerable heterogeneity in response. Put 
differently, what might be effective on average might not be effective for specific 
individuals. From an individual’s perspective, many healthy behaviors exist that seem to 
have a positive impact. However, few existing tools support people in identifying 
interventions that work for them, personally. 
One approach to support such personalization is via self-experimentation using 
single-case designs. ‘Hack Your Health’ is a tool that guides individuals through an 18-
day self-experiment to test if an intervention they choose (e.g., meditation, gratitude 
journaling) improves their own psychological well-being (e.g., stress, happiness), 
whether it fits in their routine, and whether they enjoy it. 
The purpose of this work was to conduct a formative evaluation of Hack Your 
Health to examine user burden, adherence, and to evaluate its usefulness in supporting 
decision-making about a health intervention. A mixed-methods approach was used, and 
two versions of the tool were tested via two waves of participants (Wave 1, N=20; Wave 
2, N=8). Participants completed their self-experiments and provided feedback via follow-
up surveys (n=26) and interviews (n=20). 
Findings indicated that the tool had high usability and low burden overall. 
Average survey completion rate was 91%, and compliance to protocol was 72%. Overall, 
participants found the experience useful to test if their chosen intervention helped them. 
However, there were discrepancies between participants’ intuition about intervention 
effect and results from analyses. Participants often relied on intuition/lived experience 
over results for decision-making. This suggested that the usefulness of Hack Your Health 
in its current form might be through the structure, accountability, and means for self-
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reflection it provided rather than the specific experimental design/results. Additionally, 
situations where performing interventions within a rigorous/restrictive experimental 
set-up may not be appropriate (e.g., when goal is to assess intervention enjoyment) were 
uncovered. Plausible design implications include: longer experimental and phase 
durations, accounting for non-compliance, missingness, and proximal/acute effects, and 
exploring strategies to complement quantitative data with participants’ lived experiences 
with interventions to effectively support decision-making. Future work should explore 
ways to balance scientific rigor with participants’ needs for such decision-making. 
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CHAPTER 1 
INTRODUCTION 
1.1 Background 
Many physiological, cognitive, and behavioral interventions exist to improve one’s health 
and well-being. There is considerable heterogeneity in how different individuals respond 
to the different interventions, i.e., one intervention does not work for everyone in the 
same manner1–8. Put differently, what might be an ‘effective’ intervention on average 
might not be effective for specific individuals9. Most of the evidence for popular 
interventions is from group-based studies. While these studies are important for 
understanding the effect of the treatment overall, they can rarely be used to predict if the 
intervention would work for a specific individual10,11. Unfortunately, while research and 
media often describe the benefits of different behavioral interventions that work on 
average, few highlight the variability in response that was observed, or put differently, 
how many individuals the intervention did not work for.  
Behavior change is an adaptive problem that is complex and multifaceted, and 
whether or not an intervention will be effective for a given individual depends on 
attributes of the person, the context in which it is carried out, and time12,13. Previous 
work has indicated that there are many person-level and contextual factors that can 
influence whether or not a given intervention will work for a given person, such as 
personality3,4,7,14, personal preference15, perceived enjoyment15, social context, time 
constraints, location, weather, etc. 7,15,16 Further, intervention characteristics such as 
medium of delivery17 (e.g., in-person vs. telephonic, using an app vs. in-person), 
characteristics of person delivering the intervention18, and intervention content and 
dosage could also impact whether or not an intervention works for a given person19–21. In 
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addition, our previous work exploring individual differences in a physical activity 
intervention suggested that participants differed in the personal and contextual factors 
that affected their daily walking behavior (e.g., a few were affected by perceived stress, 
and several were affected by whether it was a weekend or a weekday)22. Moreover, many 
of these factors have time-varying characteristics, meaning, they change over time23–25. 
Knowledge of these complex factors that influence intervention efficacy and behavior 
further highlight limitations of applying group-level insights to make decisions at the 
individual level.  
Additionally, even from a user’s perspective, multiple healthy behaviors and ways 
of doing them exist that all seem to have a positive impact in general. While a clinician 
can support a person in sifting through and selecting the “right” intervention for them, 
there are no comparable tools for behavioral/public health interventions. How then does 
an individual go about finding a behavioral/public health intervention that works for 
them, personally? There is a need for tools that can assist individuals in decision-
making of selecting behavioral/public health interventions to help them navigate the 
landscape of the numerous existing behavioral health interventions.  
In practice, when clinicians choose a particular treatment/intervention for a 
patient, they go through a variety of decisions based on factors like diagnosis, symptoms, 
preferences, comorbidities, and patient history to individualize the treatment for that 
patient using population-level knowledge11,26, or use single-case or “N-of-1” 
experimentation to compare plausible treatment choices and choose the most suitable 
one10,11,27. N-of-1 trials are crossover experiments conducted with a single individual as 
the sole unit of observation9,28,29. Crossover experiments are a category of experimental 
designs in which participants are exposed to each intervention included in the study, or 
one active intervention and baseline or usual care. The effect of the treatment is 
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estimated by comparing outcomes within person under each treatment (or treatment 
and usual care)28,30. Such experiments account for the heterogeneity in treatment 
response, and offer a unique opportunity to personalize interventions by allowing 
decision-making to be made at the individual level. N-of-1 trials share features that are 
common with group-based crossover designs, except that they attempt to establish 
causal inference for a single individual28.  These designs are especially useful when the 
effects of the intervention are acute, and transient, i.e., there is low possibility of carry-
over effects (effects of the intervention remain even after treatment has been removed)30. 
In spite of the increasing popularity over the years, scaling of such N-of-1 designs has 
been difficult, due to the complexity of designing such experiments and the need for an 
expert to oversee the experiment. Today, technological progress may enable much of the 
process to be automated, reducing researcher and participant burden and allowing such 
methods to be scalable31–33.  
In a public health setting, one way individuals can find out if a given intervention 
works for them is via self-experimentation.  Self-experimentation is a data-driven 
approach in which the experimenter conducts the experiment on oneself using single-
case or N-of-1 experimental designs (i.e., empirically tests whether the intervention 
‘worked’ for them)34. Karkar et al.35 describe self-experimentation as consisting of three 
phases: hypothesis formulation, hypothesis testing using N-of-1 study designs, and using 
results to gain insights to inform behavior change. The focus is not on gaining 
generalizable knowledge, but to aid self-knowledge and self-discovery in a scientifically 
grounded way, beyond relying on intuition34–36. The inherently malleable nature of 
behavioral interventions makes them especially well-suited to be tested using self-
experimentation as their actual, real-world operationalization and impact ultimately 
depends on how users actually perform them, accept them as valid, and modify them as 
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needed37. Tools that support self-experimentation can enable individuals to be involved 
in their own behavior change process, and iterate and modify intervention options until 
they find one that suits their life situation at the time38,39.  Relevant to public health, this 
enables individuals to determine if a public health recommendation is valuable for them, 
without the need to work with a clinician.  
Over the years, the Quantified Self movement has gained momentum, with 
growing interest in self-tracking and tools that aid self-discovery, such as self 
experimentation40,41. However, prior work suggests that people often lack scientific rigor 
in their methods [data collection, analysis, experimental design]36,42,43. Numerous tools 
have been designed to help individuals track different aspects of their life from heart rate 
to finances44, and even some that support diagnostic self-experimentation in specific 
clinical settings, such as TummyTrials developed by Karkar et al.31 to help those suffering 
from Irritable Bowel Syndrome gain insights on the foods that trigger their symptoms. 
Lee et al.39 designed a self-experimentation tool for behavior change that focused on 
user’s self-creation of behavior change plans to improve sleep behavior.  
In spite of this growing interest, very few tools are flexible enough to support self-
experimentation by a wider user-base or the general population to test common 
behavioral interventions. In addition, while tools exist to facilitate habit formation45,46 
rarely do they help users decide whether a given activity is worth pursuing for them. 
Given this background, the overarching research question that we aimed to 
address through this dissertation was: 
How might we design tools that can help individuals make decisions about which 
behavioral intervention to adopt, in a scientific and systematic way that also meets 
their personal needs and motivations? 
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1.2 Our Approach 
We designed ‘Hack Your Health’, a tool that can support individuals in carrying out 
simple N-of-1 self-experiments to test if healthy activities that work in general and/or 
often associated with heterogeneity in response (specifically, meditation8,47, vigorous 
exercise48, gratitude journaling49,50, or blocking distracting websites/apps51,52,) actually 
improve aspects of their own psychological well-being (their perceived stress, energy, 
focus or happiness). This is done via comparison of participants’ state on days they 
perform the activity vs. days they maintain their usual routine. Participants also track 
their perceived enjoyment of the activity as well as the fit of the activity into their daily 
routine. Psychological well-being was chosen as the outcome of interest because various 
components of psychological well-being, such as positive mood states, perceived stress, 
cognitive abilities and happiness have been associated with better health outcomes, such 
as better cardiovascular health53, longevity54, increased productivity55, and lower medical 
morbidity53. In addition, psychological well-being is subjective and can be assessed 
through self-report in a less burdensome manner as compared to physiological 
outcomes, and offers a more scalable approach.  
In Hack Your Health, the onus of performing/not performing the activity and 
self-reporting the data is on the participants, while the tool provides the scientific 
support in terms of experimental design, data analysis and providing feedback. In 
addition, all aspects of the tool are designed to be flexible enough to support self-
experimentation by a diverse sample of users. Once the experiment ends, participants 
are provided personalized results. This tool was designed in partnership with Elaine 
Chen (previously affiliated with WNYC, www.wnyc.org; and currently, The New York 
Times) to be able to reach a larger audience and a more diverse group of individuals.   
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1.3 Purpose of this Dissertation 
In order to design a scalable tool that can effectively aid individual decision-making, it is 
important to gain a clearer understanding of users’ perspectives on N-of-1 
experimentation for behavioral interventions (outside of a clinical context). The 
purpose of this work was to address our overarching research question by 
conducting a formative evaluation of Hack Your Health.  
To be able to thoroughly examine participant experiences and perspectives on 
such self-experimentation, it is ideal that users first go through the entire experience of 
using the tool. As part of this study, users participated in an 18-day cross-over self-
experiment to try an activity of their choice. For all 18 days, they tracked their 
psychological well-being, enjoyment and fit of the activity into their routine. Once their 
experiment ended, we shared their personalized results with them. Participants were 
also invited to provide quantitative and qualitative feedback in the form of follow-up 
surveys and interviews. We carried out the evaluation using an iterative and mixed 
methods approach and tested two versions of Hack Your Health across two waves of 
participants (Wave 1 and Wave 2) with the following specific aims: 
 
Wave 1 Aims 
1. Examine user burden and adherence to an 18-day self-experiment focused on 
assessing the impact of a behavioral intervention on the user’s health and well-
being 
2. Evaluate the usefulness of Hack Your Health to support a person’s decision-
making related to continuing or not with simple behavioral interventions  
3. Examine individuals’ conceptual understanding of n-of-1 study methods for self-
experimentation  
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4. Examine the heterogeneity of individual response to interventions in terms of 
psychological well-being, enjoyment, and fit into their life 
 
In Wave 1 (N = 20), all participants tracked the same health outcomes (energy, focus, 
stress, happiness, enjoyment of activity, and fit of activity into their routine) in a 
quantitative manner. Based on insights and user feedback from Wave 1, we revised the 
daily surveys to incorporate more reflective and personalized components, specifically, 
qualitative tracking of participant experience with the activity, and tracking of self-
selected outcomes that are personally relevant to them.  
We then tested the revised version with a second wave of participants (Wave 2; 
N=8). In this study, beyond aims 1-3 from Wave 1, we also sought to examine the 
implications of including participant-chosen outcomes and open-ended reflection of 
experience with the activity on participant experience of using Hack Your Health. We 
only made minimal changes to the original version of the Hack Your Health system so 
that it would also allow us to comparatively examine themes and other findings from 
Wave 1. 
 
Wave 2: Aims 
1. Examine participant experience of tracking self-selected outcomes and of open-
ended reflection of perceived impact of activity  
2. Examine perceived utility of the ‘usual routine’ days 
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1.4 Contributions 
Insights gained from this work highlighted the value of a structured self-experimentation 
approach in supporting decision-making about healthy behaviors. By including four 
distinct activities for participants to try, we were also able to begin exploring how user 
experience might differ in the context of different interventions. 
Through the use of our mixed methods approach, we were able to uncover issues 
with using commonly used N=1 experimental designs in the context of decision-making 
related to behavioral interventions, specifically, when performing an activity in an 
experimental set up may not be appropriate. Insights from the second wave of the study, 
where we included qualitative tracking of experience with activity, revealed how 
participant experiences with the intervention were unique, varied over time and were 
often impacted by the context of their day and life. Additionally, we uncovered 
discrepancies between participants’ lived experience and statistical analyses that such 
tools will likely need to account for in their design. Insights also indicated that 
participants may have ingrained beliefs about the impact of popular interventions and 
that intuition might be an important factor to consider when designing tools to support 
decision-making in the context of behavioral interventions. These findings were used to 
inform design implications for tools to support self-experimentation in this context. 
1.5 Summary of Next Sections 
In the following sections I first review existing literature that examines and illustrates 
the need for N-of-1 methods for individualization of interventions and to improve 
individual-level decision-making, as well as related work on tools that enable self-
experimentation in health (Chapter 2). I then describe the user research that we 
conducted that informed the design of Hack Your Health (Chapter 3). In chapter 4, I 
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describe the Hack Your Health system. In Chapters 5, I describe the two user studies we 
conducted to perform the mixed methods evaluation of Hack Your Health. Chapter 6 
discusses findings from both studies, limitations and methodological considerations, and 
thoughts on future directions. In Chapter 7, conclusions, and contributions of this work 
are discussed.  
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CHAPTER 2 
BACKGROUND AND RELATED WORK 
Imagine Jane, a working, single mother who is looking for a way to lose weight. She 
remembers reading an article about diet X and how a study reported that people on diet 
X lost Y pounds over 12 weeks. Jane decides to test that diet. 12 weeks in, and she has 
lost some weight, but not as much as the article had mentioned. She did follow the diet 
well except a few cheat meals here and there. Why then did that happen?  Was there 
some other reason?  
This story sounds all too familiar, and brings up a few important points about 
how studies are conducted, reported, and interpreted.  
2.1 Interventions That Work ‘On Average’ Are Often Not Well-matched to 
Individuals 
From a statistical and causal inference perspective, statistical analyses used in group-
based research designs such as randomized controlled trials (RCT) seek out an estimate 
of the ‘average’ effect i.e., the mean effect of intervention X on outcome Y (e.g., diet → 
weight loss). What often does not get highlighted in scientific journal articles, which then 
gets propagated in popular press articles about the work, is the variability in response to 
interventions.  Individual differences in how people respond to interventions are 
common. Some diets work well for some, do not have an effect for others and, still for 
others, they actually gain weight during the trial (e.g., Gardner et al.1).  The average 
response is the core focus of the results and much of the heterogeneity in response is not 
discussed in detail. The average insight is the one that gets translated to the 
public.  There is good reason behind this because the RCT and, in particular, the 
statistics used, produces causal insights that, by definition, are only appropriate at the 
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abstract level of a comparison between groups that people were randomly assigned to 
(e.g., intervention or control). The problem with this is that the RCT and statistics used, 
by definition of the method, do not provide insights appropriate for individuals in the 
study, nor about how individual differences may impact intervention effectiveness except 
sometimes via secondary analyses but even then, the insights are still gleaned about sub-
populations within the group, and not at an individual level.   
Put more simply, the current paradigm that includes RCTs as the apex is valuable 
for providing insights about the aggregate but comes at the cost of largely ignoring 
concrete manifestations in the real world (i.e., what works for a specific person) and 
including individual differences as random error in pursuit of the aggregate insight56. 
This subtlety is important but largely misunderstood when individuals themselves try to 
use evidence-based interventions, thus resulting in the real possibility that some people 
are engaging in evidence-based interventions but not gaining any real benefit from it. N-
of-1 methods, including the statistics used for them, are a complementary approach that 
can provide insights for an individual about the possibility that an intervention is 
helpful, not just in general, but for them11,33. 
Related to external validity, scientific studies are often carried out in highly 
controlled settings (with an aim to establish internal validity), with relatively 
homogeneous samples (participants) defined by inclusion/exclusion criteria that may or 
may not be representative of the eventual population and setting that the 
treatment/intervention gets used in9,37,57. For example, in Jane’s case, the studies she 
read about had probably recruited individuals who are obese, sedentary, and likely 
having no existing comorbidities (e.g., high blood pressure, or hypothyroidism) than the 
one of interest (overweight/obesity). Moreover, the study likely involved tracking food 
intake daily, and monthly check-ins with the study staff to maintain compliance to the 
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diet protocol. This is different from most individuals, such as Jane, who hear results 
from the trial on popular media and then assume that the results are relevant to them 
when, technically, that extrapolation from the evidence is often not warranted. Much 
prior work highlights this gap between research and practice58–60. In real-world settings, 
many complex factors interact to influence behavior and response to interventions over 
time.  
 
2.2 Heterogeneity of Response to Behavioral Interventions 
Literature on many popular behavioral interventions exhibits variability in response 
across participants. For this review, we focus on interventions that are included in Hack 
Your Health. The rationale for selecting these interventions is provided in Chapter 3, 
where we describe the user research that guided the design of the tool.  
 
Physical Activity 
Literature on physical activity indicates that considerable inter-individual variation 
exists in terms of the response to regular physical activity and even highly standardized 
training programs5. For example, a study by Bouchard et al.61 looking at responses to a 
standardized training program found high individual differences, with changes in 
VO2max ranging from no gains to 100% gains. Moreover, a study by Bouchard et al.62 
also indicated that as many as 8% of participants had adverse responses related to 
cardiovascular- and diabetes-related risk factors to regular exercise. Meta-analyses 
examining the impact of exercise on aspects of cognitive function such as attention and 
processing speed, and positive affect indicate modest improvements as a result of aerobic 
activity, but with high variability within and across studies63,64. A meta-analysis by Reed 
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and Ones64 of the effects of acute aerobic exercise on positive affect also suggests that 
although overall exercise seems to have a positive impact on affect, the effects may be 
different based on the intensity of exercise (higher overall impact for lower intensity 
exercise than moderate or high intensity exercise), or depend on participants’ baseline 
fitness status, and even exercise duration. They also point out that much variation 
remains to be explained, that could be attributed to individual differences (e.g., positive 
affect at baseline) and unexamined moderators. 
 
Meditation 
Meta-analyses and systematic analyses looking at the impact of meditation suggest that 
overall, meditation has a positive impact on health outcomes such as perceived stress, 
emotional functioning, happiness, etc8,47. However, they also indicate that substantial 
heterogeneity exists in terms of those effects 6,7,65. Some have identified changes in 
cognitive distortions66, perceived control, and neuroticism as potential 
mediators/moderators of the impact of meditation on indicators of well-being67,68. In 
addition, few studies also suggest that certain kinds of meditation could have an adverse 
effect for some individuals69–71, such as those with certain psychological problems. For 
example, some of the adverse effects identified in a study by Otis69 included increased 
anxiety, boredom, depression, confusion, etc. In addition, different types/styles of 
meditation can have differential impact on emotional wellbeing19. 
 
Gratitude journaling 
Research examining the impact of positive psychology interventions like gratitude 
journaling suggests that gratitude journaling is efficacious in improving happiness and 
well-being, however, there is high variability in effect sizes across studies3,49,50,72. 
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Lyubomirsky and Layous3 also discuss the concept of ‘person-activity fit’, based on prior 
work that that person-factors such as motivation, preference, personality are important 
moderators of intervention response2,14. In addition, baseline characteristics like initial 
level of psychosocial distress, degree of self-selection, and intervention duration have 
also been shown to impact the response to interventions73.  
 
Blocking Digital Distractions 
The impact of digital distractions such as social media on aspects like psychological well-
being and productivity is a relatively new area of enquiry that has recently gained a lot of 
attention in both research and media. Prior work suggests that digital distractions and 
interruptions could have a negative impact on productivity and performance51,52,74. 
However, extensive empirical work examining the effect of blocking those distractions is 
lacking. While it might theoretically seem like blocking digital distractions could improve 
productivity, the few existing studies suggest mixed results. A recent study that looked at 
the effect of interventions involving blocking or reduction of the use of non-essential 
websites (e.g., YouTube, Facebook, Twitter) showed that some individuals exhibited an 
increase in stress while others exhibited a decrease in stress74 as a result of blocking 
distractions while at work. This could be because people use non-essential websites and 
social media for different reasons. For example, prior work has suggested that people 
may use non-essential sites to distract themselves after task completion while at work or 
to distract themselves if they are not making progress in work, and not having access to 
non-essential websites may worsen their perceived stress and productivity52,75. While it 
might seem conceptually counterintuitive, is suggested that this could happen because 
for some people, the act of resisting the temptation to use those websites could in turn 
negatively impact their productivity76. Level of self-control, and the individual’s level of 
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involvement with technology and social media have also been shown to moderate the 
impact of blocking distractions on productivity and stress52,74. In addition, effects might 
be different based on whether the blocking is done autonomously by the user or has been 
imposed on the user52.  
Although empirical work is lacking, this domain, complicated by the interactions 
between types of users, potential positive effects of social media coupled with suggested 
detrimental impacts of distractions might make this a particularly important area to 
study using N-of-1 approaches to improve understanding of the impact of individual 
differences on response. 
 
2.3 Examining Interventions in Terms of Enjoyment and Fit into Routine 
Heterogeneity of response is larger when considering the behavioral target itself as an 
outcome of the intervention when attempting to translate these behaviors into real-world 
contexts. The goal in public health interventions is not merely to determine if a 
behavioral intervention impacts a health outcome but also to help people enact these 
behaviors in a sustained manner in real-world contexts77,78. This further reinforces the 
need for complementary tools to help individuals determine not only if an intervention 
works for them (i.e., improves their well-being) but also if it fits into their life. For 
example, time and logistical constraints (such as having no access to a quiet location for 
meditation) are a frequently reported barrier for adoption of healthy behaviors79,80. 
Recognizing that individuals have only a finite amount of time, this establishes the need 
for tools that could feasibly help individuals select intervention options that not only 
produce desired effects, but also fit into a person’s life.  
Another critical aspect to consider is the person’s enjoyment of the intervention. 
Even if an intervention produces a desired effect and fits into their life, if the activity is 
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not enjoyable/self-rewarding, it is quite plausible that the person will not continue to 
engage in the activity in a real-world context. This is, indeed, a common critique of 
meditation or vigorous activity as there are some people that can do it, but just do not 
want to do it81–83, and attrition rates are often high84,85. Enjoyment is considered to be an 
important determinant of adoption of physical activity86. Even in positive psychology 
interventions, the degree to which people report enjoying the activity is associated with 
how often they actually perform it2. 
 
2.4 The Paradox of Choice87 
Moving beyond the heterogeneity of response to interventions, there is also a wide 
variety of plausible interventions one could use to produce desired effects, such as 
improving well-being.  In particular, prior work illustrates that if one is interested in 
improving their quality of life and psychological well-being, there is clear evidence that 
they could consider engaging in vigorous physical activity or mediation and there is 
emerging evidence that strategies from positive psychology such as gratitude journaling, 
or reducing social media use, could each be used to improve them8,52,73,74,88. Moreover, it 
is important to note that there are numerous ways in which these interventions could be 
operationalized. For example, vigorous exercise could be carried out through sprinting, 
playing tennis, in a group or individually; gratitude interventions could be performed 
through a gratitude visit, or by writing down things you’re grateful for. There is a strong 
need then, from the perspective of translating evidence from controlled studies into 
practice, to provide a scalable and systematic approach for individuals to engage with 
evidence-based interventions to examine and test which operationalization (if any), 
works for them or not.  
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2.5 Using N-of-1 Experimentation to Translate Evidence from the Aggregate 
to the Individual 
In clinical settings, when physicians choose a particular treatment for an individual, they 
go through a variety of decisions (e.g., available resources, context, comorbidities, 
patient preferences) to attempt to individualize the treatment to a patient using 
population-level knowledge10. Some even use a more systematic approach of single-case 
experimentation to compare two plausible treatment choices9,27.  Single subject studies 
consider the individual as the sole unit of observation when studying the impact of an 
intervention, thus allowing inferences to be drawn at the individual level11,89,90. The 
objective is to find the optimal intervention for the individual in a data-driven manner. 
This kind of experimentation is potentially well-suited to this problem of translating 
evidence from aggregated insights into individualized insights. However, as public 
health-oriented interventions are classically not bound to clinics, this establishes a gap in 
how evidence-based behavioral interventions can be scaled to individuals in the 
population.  In particular, the clinician plays a foundational role in figuring out if an 
intervention is right for a particular person but, for individual-based health interventions 
(e.g., moderate to vigorous physical activity, meditation), this might not be the case. For 
these interventions, it is largely the individual’s responsibility to choose and adapt an 
intervention to suit their needs.  
Previously, such N-of-1 experimentation was not scalable (high time, expert, as 
well as financial commitment), but with current technological and statistical 
advancements, it is becoming increasingly possible to conduct such trials simultaneously 
and on a large scale, and without the need for a human expert27,31,32. In addition, if a large 
number of users participate, individual-level insights can also be aggregated to gain 
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generalizable insights about the kind of interventions that seem to work for whom, and 
under what context and circumstances91,92.  
 
2.6 Helping People Stop “shoulding” via Self-experimentation 
One way individuals can find out if a given intervention works for them is via self-
experimentation. The primary aim of self-experimentation in this context is to increase 
self-knowledge and support self-discovery. As Neuringer34 suggests, it can help an 
individual create personal “IF-THEN” contingency statements about an 
intervention/activity [If I exercise, THEN I feel more energetic] as opposed to relying on 
‘should do’ style impersonal “IF-THEN” contingency statements, such as “IF one 
exercises, THEN they should feel more energetic]. As highlighted in the introductory 
chapter, this “should do” style contingency statement is, methodologically, an 
appropriate conclusion from the current RCT-paradigm of evidence-based practice (with 
all of the caveats about match to a specific person already highlighted).  From the 
perspective of real-world constraints, particularly time, focus, and energy, the myriad 
“should do” suggestions available in our cultural could, in fact, be resulting in the 
unintended consequence of making people more stressed and reduce overall well-being 
via the paradox of choice.  This is based on psychological research indicating that having 
too much choice can be stressful87,93, that the feeling that one should do something can 
be stressful94, and reduced agency in terms of making thoughtful decisions can have a 
detrimental impact on well-being. While this last part is conjecture and based on theory 
rather than data, one key first step to both test this conjecture and also to remedy the 
situation is by providing individuals tools to help move from “should do” contingency to 
personal IF-THEN contingencies. Some have also argued that such “researcher-as-
subject” methods are important because they allow the person to gain “subjective 
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experiential knowledge” and enable self-reflection, help them develop research questions 
more relevant to their context, and also improve individuals’ mental models of how the 
world works beyond the context of the experiment95,96.  
While many existing tools support behavior change related to various behaviors 
from finance management to meditation, the focus is largely either on self-tracking or 
habit formation of specific behaviors. Very few tools take a step back and help 
individuals empirically test, through self-experimentation, whether and which 
intervention has the desired effect in the first place while also providing insights on if it 
fits into their lives and if they enjoy it. 
 
2.7 Designing Tools to Support Scalable Self-experimentation  
Recent work in Human-Computer Interaction (HCI) has explored the design of tools that 
support self-experimentation, often focusing on specific populations/domains and 
diagnostic self-experimentation. For example, TummyTrials31 supports those suffering 
from Irritable Bowel Syndrome (IBS) in self-experimenting to find relationships between 
food triggers and IBS-related symptoms. SleepCoacher32 identifies relationships between 
common factors that impact sleep quality. Lee et al.39 designed a do-it-yourself (DIY) 
self-experimentation toolkit for behavior change, where users with sleep-related issues 
could self-create and test ‘just-in-time’ interventions, using self-experimentation not 
only to asking IF an intervention has an effect on a health outcome but also HOW to 
enact a behavioral plan that produces an effect, fits into a person’s life, and was 
enjoyable enough to continue with. We built on this prior work by designing Hack Your 
Health, a self-experimentation tool for a broader audience, to choose and test simple 
behavioral interventions and test them to see if they have the hypothesized impact on 
their psychological well-being, and to self-track enjoyment as well as fit into their life. 
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Self-experimentation, based on the framework developed by Karkar et al.35 involves 
three steps - hypothesis formulation, hypothesis testing, and using results to gain 
insights and inform behavior change. Each of these steps is complex and, classically, was 
handled through the patient-provider interaction within clinics.  As our focus is on 
public health interventions, a central focus of this project is to work towards making this 
process of self-experimentation as simple and engaging as possible via digital 
technologies, by embedding many of these hard decisions and choices into the digital 
tool. Previous work has found that data analysis and scientific rigor while conducting the 
self-experiment are two common problems users face36,42,43. In addition, the process of 
self-experimentation can be time-consuming and, in particular, the effort may not be 
perceived as worthwhile compared to the benefit one receives.  Approaches that combine 
user-led and system-led support and decision making can help overcome such barriers 
and reduce such participant burden42. Hack Your Health aimed to achieve that by 
providing system-led support for analysis and feedback [by providing personalized 
results] and experimental design, while at the same time, guiding the user through an 
experience of self-experimentation by providing flexibility of choice in terms of 
intervention-outcome combinations.  
 
2.8 Rationale for this Work 
Before this tool is made available to the general population, it is important to conduct a 
formative evaluation. In this context, it is important to understand whether the different 
elements of Hack Your Health are understood, accepted and perceived as useful by end-
users, and to examine users’ perspectives on such N-of-1 experimentation for behavioral 
interventions (specifically, outside of a clinical context). This is particularly important 
based on findings from our user research (Chapter 3) which highlighted some 
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discrepancies between the research team and user’s conceptualization of self-
experimentation and the expectations from a self-experimentation tool such as Hack 
Your Health. For example, few participants expressed doubt about whether a given 
intervention would work for them, highlighting the possibility of unawareness, 
disinterest or discomfort with the uncertainty of intervention response.  Karkar et al.31 
through their testing of TummyTrials and previous work on self-experimentation43, 
found that self-experimentation (methodologically) was a difficult concept to understand 
for end-users, and also uncovered tensions between results from statistical analyses and 
people’s own lived experiences. For example, participants had difficulty understanding 
results that were labelled ‘no evidence’ (Does it trigger symptoms or not?) to mean that 
the food did not trigger symptoms and they could continue to consume it. These tensions 
may be exacerbated when it comes to popular public health interventions, which are all 
expected to work, in general. As Kravitz et al.91,97 suggest, there is a chance that learning 
that an intervention believed to be effective doesn’t work may have a negative impact. 
Karkar et al31. also found that participants were often in situations where they needed to 
improvise to maintain fidelity of the experiments. Some were successful, and some 
weren’t, highlighting the need to make sure that individuals have basic scientific 
understanding of the process of self-experimentation.  
It is important to uncover such tensions, and gain an understanding of which 
aspects of self-experimentation users find useful, burdensome, confusing, or difficult to 
understand. This can help us understand how to frame and design the experience in a 
way that fulfills people's needs. In addition, building this tool also helps to foster 
education on how current scientific practices work today and, by extension, when and 
how to use the information to support individual decision-making.  
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User Burden and Adherence 
User-burden can be defined as “the negative impact that computing systems might place 
on the user”. Gaining an understanding of the burden that a system places on the end-
user is critical, because increased burden may have a negative impact on their ability to 
use, tolerate and continue use of the system98. An understanding of the system’s pain 
points provides insights about which aspects of the system need improvement. 
Measuring adherence to the intervention protocol is important to get a sense of whether 
the users are interacting with the system as desired. Adherence rates for different aspects 
of the system (adherence to experiment protocol, adherence to surveys) can help uncover 
elements of interaction with the system that users dislike or find burdensome. 
 
Usefulness 
According to Nielson99, usability is the quality attribute that assesses how easy user 
interfaces are to use, while utility refers to the design’s functionality, and whether the 
system does what the users need. Usability and utility together make up ‘usefulness’ of 
the system. Evaluating the usefulness of a system is critical to ensure that users actually 
use the system. If participants do not find the system useful, they may abandon it. The 
primary goal of Hack Your Health is to guide a user through trying out a healthy activity 
to figure out whether or not it helped improve their well-being as compared to their 
usual routine. In this context, we want to understand whether the tool was useful to 
participants in terms of deciding to continue or not with the activity they tried.  
 
Understanding of N-of-1 Method  
In the realm of health behavior change, the end-user needs to be actively involved in the 
process (to ‘test’ the activity requires them to perform it as per the protocol and 
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experimental schedule), and so it’s important that they have a conceptual understanding 
of the science of self-experimentation. In addition, a conceptual understanding is 
important for users to be able to appropriately interpret findings from such experiments, 
and acknowledge the uncertainty and biases that accompany self-experimentation. 
Assessing users’ conceptual understanding of the methods used will help uncover 
misconceptions, aspects that users find confusing, and aspects that they find difficult to 
understand. 
To our knowledge, very few studies have thoroughly examined the user burden, 
usefulness, and understanding of N-of-1 designs in a non-clinical context, hence 
justifying this study as a logical next step in this line of research. 
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CHAPTER 3 
USER RESEARCH  
3.1 Introduction and Background 
In this chapter, I review user research we conducted100 that guided the design of Hack 
Your Health1 and helped us define the specific aims for this work.  
We initially began designing this tool with Elaine Chen from WNYC (New York 
Public Radio), as an experience that would be offered to the WNYC audience, and hence 
the aim was to make it scalable enough to be used by a diverse group of up to 15,000 
people. As of this writing, the tool may not be disseminated via WNYC due to funding 
and other issues, but we continue to work with Elaine Chen, and the aim to make it 
scalable still holds true. To design a large-scale tool such as this one, we worked under 
the following design constraints: 
1. Include interventions and outcomes that are of interest to the WNYC audience 
and shown to be effective ‘on average’, but also often associated with 
heterogeneity of response. 
2. Included interventions/activities should require minimal training, be short, easy 
to self-administer and perform. 
3. The experience should have low participant burden.  
4. Balance the desire to generate population-level insights while maintaining the 
spirit of self-discovery and self-experimentation. 
5. Balancing the needs of three stakeholders: WNYC and the editorial team, 
researchers, and the end-users. 
                                                      
1 Insights from this user research were presented as part of a poster at Pervasive Health conference 2018, and published as 
an extended abstract in the EU Digital Library  
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To inform the design of the tool, we needed to understand users’ motivations and 
interest in participation and expectations from such a tool in the context of behavioral 
interventions. We conducted user research that focused on gaining an understanding of: 
1. Which interventions and outcomes are of interest to an initial podcast audience 
(Only Human from WNYC)? 
2. What are user perceptions related to self-experimentation and use of such a tool? 
3. What are user motivations for engaging with such a tool, if any? 
4. What are users’ reasons behind choosing specific interventions? 
5. What is the minimal information we need to provide to clearly define the 
experience of taking part in an n-of-1 study? 
As part of this user research, we used an iterative design process where WNYC listeners 
(N=551) were surveyed and a subset (n=18) were interviewed. Recruitment was carried 
out via an email distributed to WNYC listeners of the podcast Only Human and also 
shared by the research team on social media. The email as well as survey introduction 
provided a short description of the tool. Participants were not compensated for 
completing the survey. 
 
3.2 User Research Survey 
The purpose of the survey was to understand the interventions and outcomes of interest 
to the WNYC audience to then be included in the final tool, and to gauge users’ interest 
in a self-experimentation tool.  We received 551 responses, and the majority were WNYC 
listeners living in the United States. Other demographic information about survey 
respondents is presented in Figure 3.1.  
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Figure 3.1. Demographic Characteristics of Survey Respondents from User Research 
For this survey, we also included two outcomes (pain and bowel movement) in 
addition to psychological well-being based on interest from the WNYC editorial team. 
The survey consisted of a mix of multiple-choice questions and open-text responses [~19 
questions].  
Participants were asked to choose up to 3 outcomes that they would be interested 
in working on; four of the options were in the form of pairs [focus/distractions; 
stress/serenity; energy/fatigue; happiness/sadness; pain; bowel movements]. Out of the 
outcomes they chose that were pairs, they were then asked to choose the framing 
(positive/negative) that they prefer (e.g., focus vs. distractions). Outcome choices are 
listed in Table 3.1, from most popular to least popular. Positive framing was more 
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popular amongst all outcomes other than stress.  Based on these results, energy, focus, 
stress and happiness were chosen as the outcomes to be included in the tool.  
 
Table 3.1. Outcomes Included in User Research Survey 
Outcome N 
(551) 
% 
Energy/Fatigue 436 79 
         Energy 304 70 
         Fatigue 132 30 
Focus/Distraction 386 70 
         Focus 282 73 
         Distraction 104 27 
Serenity/Stress 374 68 
         Stress 194 52 
         Serenity 180 48 
Happiness/Sadness 241 44 
         Happiness 187 78 
         Sadness 54 22 
Pain 96 17 
Bowel Movements 57 10 
  
 
For interventions, participants were asked to choose two interventions that they 
would like to try and compare to see which one (if any) improves the outcomes they 
selected. We initially included 11 behavioral interventions for them to choose from, with 
an aim to retain the top five, displayed in Table 3.2. The top 5 choices were similar across 
gender. As deep breathing and meditation were both similar and difficult to distinguish 
easily for the purposes of this tool, we combined them and included ‘deep breathing 
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meditation’ as one of the interventions. In addition, interviews indicated that digital 
distractions were one of the main reasons behind choosing ‘focus’ as the outcome to 
improve. Hence, we decided to include an intervention that focused on blocking digital 
distraction (e.g., Facebook, Twitter) as the fifth intervention in Hack your Health. 
Table 3.2. Interventions Included in User Research Survey 
Intervention N % 
Meditating for 10 minutes 214 39 
Engaging in 10 minutes of vigorous activity 179 32 
Taking 5 minutes for deep breathing 179 32 
Writing 3 things you’re grateful for 171 31 
Performing one random act of kindness 88 16 
Laughing for 5 minutes 72 13 
Replacing an unhealthy snack with nuts 41 7 
Not drinking any caffeinated beverages in the 
afternoon or evening 
39 7 
Having a 5-minute conversation with a stranger 35 6 
Not drinking any sugar-sweetened beverages 35 6 
Giving a hug to 3 different people 21 4 
 
When asked about likelihood of participation, most indicated that they would be very 
likely (46%) or extremely likely (20%) to participate. 
 
3.3 Interviews 
We interviewed a subset of 18 of the survey respondents. The demographic information 
of the interview participants is provided in Table 2.3. Participants’ survey responses were 
used to inform the exact questions asked in the semi-structured interviews. They were 
asked about (1) meaningful life changes if the outcomes were to improve; (2) why the 
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interventions interested them; (3) prior experience with the interventions; (4) reasons 
behind choosing the intervention combination; (5) why the tool interested them, if it did.  
Interviews were carried out over the phone, audio-recorded if participants 
consented. Participants were first provided a brief description of the tool and informed 
of the purpose of the interview. All interviews were transcribed verbatim. Data were 
analyzed using MAXQDA software (MAXQDA, VERBI Software – Consult – 
Sozialforschung GmbH, Berlin, Germany). Data was analyzed using a thematic analysis 
approach101,102. Thematic analysis was chosen as the method of analysis because our aim 
was to identify patterns across the data that could be important to factor in when 
designing the tool.  Emerging themes were identified concurrently with the data 
collection process, and discussed with the entire research team. Data were then coded 
and re-coded (to ensure rigor) according to the identified themes. All interviews were 
then examined for the presence of the identified themes. 
 
Findings from Interviews 
Motivations for participation included an interest in forming habits out of the activities 
they chose (n=12), and wanting accountability (n=9) to aid habit formation: "I am 
thinking of this as a springboard to get into meditation again." (P4). Participants were 
also motivated to participate because of interest in contributing to science or a being part 
of a big project (n=5). 
Many participants were interested in interventions they had been unable to 
successfully adopt in the past. For example, P2, when asked about reasons for choosing 
meditation in spite of previous unsuccessful attempts, said, "..having had a bunch of 
false starts at it, it's always at the back of my mind like, knowing that I haven't fully 
gone through with it." 
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Table 2.3. Demographic Characteristics of Interview Participants 
Profession Gender Age Education Race 
Research lab manager M 31 Bachelor's degree White/Pacific Islander 
Computer-related work M 35 Bachelor's degree White 
Yoga instructor F 57 Some college White 
Computer-related work F 28 Advanced degree Asian/Asian American 
Public speaking/acting 
coach 
F 46 Advanced degree White 
Sales F 54 Bachelor's degree White 
Social media manager F 40 Bachelor's degree 
Mixed European/Native 
American 
University teacher F 24 Associate's degree Asian/Asian American 
Chef F 27 Bachelor's degree White 
Marketing Research M 48 Advanced degree White 
Librarian GNC* 32 Advanced degree White 
Manager M 48 Advanced degree 
African/African 
American 
Entrepreneur F 38 Bachelor’s degree White 
Graduate student F 25 Advanced degree White 
School teacher F 34 Advanced degree White 
Pediatrician F 40 Advanced degree White 
Consultant F 48 Advanced degree White 
Software engineer M 48 Advanced degree White 
*Gender non-conforming 
 
Reasons behind intervention choice included choosing ones they think are 
beneficial (n=6), have been advised to try by someone (n=3), believe they ’should’ be 
doing (n=7), or believe are backed by research (n=4). For example, P5, when asked about 
what she expects to happen if she tried gratitude journaling, said, "Well, I know from the 
research that if you focus on things that you're grateful for, then you tend to be 
happier, one tends to be happier. P6, who had been wanting to begin exercising regularly 
but hadn't been able to, said "...I'm not finding the motivation to do it for some reason 
even though it's something I want to do and I know that it makes me feel better and I 
know it's something I should do." 
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It is worth noting that contrary to our expectations (though also, in hindsight 
makes sense based on current portrayals of these interventions in popular media), few 
participants seemed to doubt whether a given intervention would be valuable for them: 
"Well, I definitely think that, you know, deep breathing would definitely, well I would 
hope, would reduce my stress, well that’s what I've heard from other people, and that 
just the act of reducing stress alone would increase my happiness." (P11) 
Although we believed that comparing two interventions made sense from a 
methodological perspective, participants did not intuitively understand the value in 
comparing two active interventions. P15, who chose gratitude journaling and deep 
breathing – "In my life I would see those activities almost happening simultaneously. 
So I don't know that it would be necessarily easy to compare." 
Participants also chose activities with an intention to improve aspects of well-
being other than/in addition to the ones they selected in the survey. Few were also 
interested in developing particular traits or skills through continued practice of the 
activity, rather than improving psychological wellbeing. For example, P17 wanted to 
perform acts of kindness in order to make generosity a "fabric of who I am". 
As mentioned earlier, most participants wanted to try activities with an aim to 
form habits. They did not seem to identify the benefit of testing whether an intervention 
was effective for them. A reason for this could be the media’s and research's lack of 
attention to the heterogeneity of response to these interventions that are thought to be 
beneficial in general, and people may not be aware of the existing variability. 
 
3.4 Design Implications from User Research 
Design implications that emerged from this work include designing the tool to inform 
participants' interest in habit formation, tracking multiple health outcomes instead of a 
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single outcome, simplifying the experimental design (e.g., testing only one intervention 
against their usual routine), and highlighting existing individual differences to improve 
understanding of the logic of self-experimentation. These insights were then used to 
design and test low-fidelity prototypes with participants, and then a final high-fidelity 
version that was used for the formative evaluation (described in detail in Chapter 4).  
These findings provided the basis of the aims of the subsequent studies, where we 
had participants use Hack Your Health to conduct a formative evaluation using mixed-
methods to gain a clearer understanding of the user burden, conceptual understanding 
and perceived utility of N-of-1 self-experimentation in the context of behavioral 
interventions (Chapters 5 and 6). 
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CHAPTER 4 
HACK YOUR HEALTH 
This chapter describes the Hack Your Health system. 
4.1 Overview  
Hack Your Health is a simple tool that supports self-experimentation using N-of-1 
crossover designs. Participants can try one activity through an 18-day experiment to test 
if it improves their psychological well-being.  The tool is composed of a website where 
participants can sign up for their experiment, and provide baseline and contact 
information. Once they sign up, their experiment is set up in the backend. All 
experiment-related communication, such as daily reminders and links to daily surveys 
takes place via SMS. 
Participants first go to the Hack Your Health website (hack-your-health.org), 
which provides detailed information about the tool and the available activities they can 
try and the outcomes they will be tracking as part of the experiment. If interested, and 
once they know which activity they want to try, they can proceed to complete the sign-up 
survey for that activity. Participants are nudged to choose an activity that they don’t 
already perform on a regular basis.  The steps in the signup process for each participant 
are as follows: 
1. Complete an electronic informed consent form.  
2. Complete the signup survey 
i) Provide other relevant demographic and other information. 
ii) Provide their phone number and email address. 
iii) Complete baseline questionnaires (this step is relevant to this particular 
research project) 
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3. Once survey is complete, participants are set up in the system. They are also sent 
an email providing more details about the self-experiment protocol (hack-your-
health.org/next-steps/) such as the fact that they will be performing the activity 
on a few days and other days will be rest days where they have to maintain their 
usual routine, and that they have to complete the daily surveys even on rest days. 
4. At the backend, each participant is randomly assigned an experimental schedule 
(1 out of the 12 choices listed in Table 4.2). 
5. Once their experiment begins, on all 18 days, participants receive a daily morning 
SMS reminding them to do the day’s assignment (either to do the activity, or stick 
to their usual routine), and an evening SMS with a link to the daily self-report 
outcomes survey. The evening SMS also informs them of their upcoming day’s 
assignment to give them a heads up and some time to plan it into their schedule. 
6. Once the experiment is completed, and provided there is enough data collected, 
their data is analyzed and insights are shared with them in the form of a PDF sent 
via email. 
 
4.2. Interventions included in Hack Your Health 
The behavioral interventions included as part of Hack Your Health are: 
1. Deep breathing for 5 minutes 
2. Performing vigorous physical activity for 10 minutes 
3. Gratitude journaling (writing three things you’re grateful for) 
4. Blocking digital distractions (distracting websites/apps for a self-selected 
duration of 3-8 hours) 
   35 
The study website contains written and video-based instructions on how to do the 
activity, along with other information such as the required daily commitment (Figure 
4.1). Once they sign up, participants are also provided links to instructions for their 
specific activity. While in the experiment, participants can perform the activity at a time 
of their choice. We included the flexibility in order to balance the needs to assess 
enjoyment and fit and intervention impact. 
 
 
(a) 
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(b) 
 
 
(c) 
   37 
 
 
(d) 
Figure 4.1. Screenshots of The Hack Your Health Website Displaying Information About 
the Four Included Activities 
 
4.3 Outcomes measured in Hack Your Health  
Psychological well-being 
Aspects of psychological well-being that are measured as part of Hack Your Health 
include daily perceptions of focus, energy, happiness, and stress. One item per outcome 
was used to avoid the risk of high participant burden, since these surveys are completed 
daily for the entire duration of the study.  As our focus is on N-of-1 studies, the concept 
of a “validated” measurement tool does not match with classical conceptualizations of 
this.  This is because classical approaches to measurement validation assume an intent of 
doing aggregation-oriented (also called nomothetic) statistical analyses.  N-of-1 implies 
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different criteria of success for determining if it is “valid.” When analyses are to be 
conducted by and for individuals, single items with high face validity may be more 
desirable because they may be more likely to capture the concept of interest than 
selecting a subset of items from a longer questionnaire.  Measures validated for 
nomothetic purposes often use multiple-item questionnaires that together can be used to 
infer a latent concept of interest. For ecological momentary assessment and also 
idiographic time series purposes (i.e., what we are doing in this N-of-1 study), picking a 
subset of items of interest from longer existing questionnaires is accompanied with the 
risk of lowering content validity by using an inappropriate operationalization of the 
construct of interest and, also, increasing burden on the participant, thus reducing the 
likelihood of repeated measures, and, also, often multi-item questions avoid the exact 
term of greatest interest, thus reducing the likelihood of face validity and, by extension 
value the individual could glean from the item103. 
Recognizing these issues, our items were explicitly selected based, in part, on 
high face validity (see Table 4.1). Face validity has been defined as “the degree that 
respondents or users judge that the items of an assessment instrument are appropriate 
to the targeted construct and assessment objectives”103. When signing up for the tool, 
users are informed that they will be measuring their energy, focus, happiness and stress 
levels for the 18 days of the experiment. A second criteria we used to select items was 
burden. We sought to keep the length and wording of the daily surveys short, to avoid 
excessive response burden. Very few existing validated questionnaires measuring the 
outcomes of interest fulfill these criteria of being short, and low response burden.  While 
multi-item questionnaires are common, when data is collected frequently (e.g., daily), 
there is precedent for using single-item measures104,105. Finally, and perhaps most 
importantly, our primary goal is to provide insights for the individual to answer “does it 
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work for me, and is it worth it?”.  Based on this goal, single item questions with high face 
validity have, arguably, the least amount of bias for that particular purpose as the items 
are going to be more understandable for participants and, thus, valuable for supporting 
their personal decision-making.   
A response scale of 0-100 was chosen based on the Bayesian statistics used 
(simple comparison of means when doing the intervention vs. sticking to usual routine) 
and the benefit of using a continuous scale in terms of statistical power.  
 
Enjoyment and Fit 
Based on the insights we obtained from the user research suggesting participants’ strong 
interest in habit formation, prior work suggesting the importance of enjoyment and fit 
into a person’s life, and also our desire to support decision-making for behavior change, 
daily survey items were added to the tool that can provide insights that could assist 
participants in making an informed decision about which activity to adopt as a habit. 
Particularly, questions about whether they reported enjoying performing the activity 
they were trying, whether they found it easy/difficult to fit into their routine, and 
whether they were able to perform the activity were included. Exact questions are 
displayed in Table 4.1. Questions 3-5 were the only asked on activity days. 
Altogether, participants tracked up to 10 survey items every evening. These 
surveys are similar to our previous work using daily surveys administered to participants 
indicated high compliance to surveys containing up to 10 questions (90%) administered 
through a smartphone app22. 
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Table 4.1. Daily Survey: Wave 1 
Q1. What were you assigned to do today? 
[Activity] 
Stick to my usual routine 
Q2. Did you do [activity] today? 
Yes 
No 
If Q1 = [Activity] and Q2 = Yes 
Q3. How was your experience with [activity] today? 
I enjoyed it 
I found it okay 
I did not enjoy it 
Q4. If 1 = Activity, and 2 = No 
I felt like doing [activity] today 
1= Not at all, 5 = Very much 
Q5. How easy or difficult was it to fit [activity] into your day 
today? 
Very easy; Somewhat easy; Somewhat difficult; Very difficult 
Q6. How focused are you feeling today? 
Q7. How energetic are you feeling today? 
Q8. How stressed are you feeling today? 
Q9. How happy are you feeling today? 
Slider Scale: 0 = Not at all to 100 = As much as possible 
Q10. Did any event significantly affect your overall well-
being today? 
Yes ________________ 
No 
 
4.4 Daily Reminders and Prompts 
Overall, participants are sent two SMS every day: 
1. Every morning at 7a, a reminder to perform their activity or stick to their usual 
routine.  
2. Every evening at 7p, a link to the daily survey, and information about their next 
day’s assignment. This was included to give participants a heads up and time to 
plan the activity into their schedule. 
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The language used in the prompts is varied over time to avoid monotony. Examples of 
prompts are displayed in Figure 4.1. 
 
 
Figure 4.1. Screenshots of Daily Messages  
 
4.5 Experimental Designs in Hack Your Health 
N-of-1 studies can be carried out in multiple ways. Hack Your Health uses ‘crossover 
designs’, a category of experimental designs commonly used in clinical settings11 in which 
participants are exposed to each intervention included in the study (or in this case, one 
intervention and baseline/usual routine). The effect of the treatment is estimated by 
comparing outcomes within person under each condition (A/B; explained below)28,30.  
Crossover designs can be designed in numerous ways. For this tool, the specific crossover 
designs and a study length we chose were based on the desire to balance scientific rigor, 
participant burden, and participant engagement. As mentioned earlier, N-of-1 crossover 
studies usually consist of an “A” phase, which can either be a baseline phase or 
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intervention 1, and a “B” phase, or the intervention phase (or intervention 2; see 
formative work in Chapter 3, on why we chose a baseline to intervention comparison). 
An appropriate cycle length (number of days spent in each phase) can be chosen based 
on the intervention’s characteristics, such as potential for carry-over effects, etc33. 
Carryover effects are the effects of the intervention on outcomes of interest that are 
retained even beyond the crossover (when one phase ends and the next one starts).  
A minimum of one phase each of intervention and baseline is required to make 
any basic causal claim, with the inference getting stronger with more cross-over 
periods30. Studies with at least 3 crossovers are considered strong30. A length of 18 days 
and a cycle length of 3 days was chosen to reduce participant burden and maintain 
engagement (for example, a length of 7 days would have led to 7 days of no activity 
during the baseline phase, which we hypothesized would increase the likelihood of 
reduced engagement with the tool). A length of 7-days would also have risked aliasing 
the impact with days of the week. For a cycle length of 3 days, and a study with 3 phases 
each for baseline and intervention (leading to a total of 18 days), 20 combinations of A 
and B are possible. Out of all possible combinations, we chose a subset of 12 sequences 
that include at least 2 crossovers and excluded sequences that include a very long 
baseline (e.g., AAABBB) or those with insufficient crossover (e.g., AABBBA).  
Participants are not aware of the precise experimental design and are informed of 
their assignment on the prior evening. Since the potential carry-over effects and required 
washout periods for most of our intervention-outcome pairs are relatively understudied 
and not known a priori, the same subset of intervention schedules and same cycle length 
are used for all interventions. Each participant is randomly assigned to one of the 
sequences presented in Table 4.2.  
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Table 4.2. Experimental Schedules Included in Hack Your Health 
1 A B A A B B 
2 A B A B A B 
3 A B A B B A 
4 A B B A A B 
5 A B B A B A 
6 B A A B A B 
7 B A A B B A 
8 B A B A A B 
9 B A B A B A 
10 B A B B A A 
11 B B A A B A 
12 B B A B A A 
A = Baseline, B = Intervention; each phase lasts for 3 days 
4.6 Statistical Analyses in Hack Your Health 
At the end of each N-of-1 trial, each individual’s trial data is analyzed in an idiographic 
(person-specific) manner. The data are collected via Qualtrics (Qualtrics, Provo, UT) and 
then passed to package nof1106 in R107 to estimate the treatment effect. These results are 
then provided to participants in simpler, easy-to-understand formats consisting of text 
and figures. The main comparison for each N-of-1 study is a simple comparison of means 
under the two conditions: intervention (B phase) and participant’s usual routine (A 
phase). This comparison is carried out for each of the four outcomes. 
Bayesian generalized linear models are fitted to provide the posterior quantiles of 
the estimated difference between the responses in the intervention phase vs. usual 
routine. A coefficient for the comparison between the 2 conditions is included in the 
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model as the linear predictor. Models incorporate the appropriate distributions for 
different outcome scales and appropriate link functions connecting the expected 
outcome to linear predictors (in this case, normal distribution) and identity link for 
continuous variables. Since reliable information about possible changes in outcomes in 
18 days of the study was unavailable for most intervention-outcome pairs, we used 
uninformative priors to the parameters in the model33; specifically, the prior for the 
intercept was N(0.01, 1000), that for the coefficient for the comparison is N(0, 1000), 
and that for σ2 is an inverse Gamma distribution with the shape and the scale parameter 
both being 0.001. 
4.7 Communication of Results 
Participants are provided with an estimate of the difference between both conditions 
along with the 95% Bayesian credibility intervals. Results are shared with participants in 
the form of a PDF. Results are displayed numerically and graphically, in easy-to-
understand language. An example is provided in Figure 4.2a and 4.2b 
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(a) 
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(b) 
 
(c) 
   47 
 
(d) 
Figure 4.2. Example of Results Shared with Participants 
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CHAPTER 5 
EVALUATION OF HACK YOUR HEALTH 
To be able to thoroughly examine participant experiences and perspectives to such self-
experimentation, it is ideal that users first go through the entire experience of using the 
tool. As part of this study, users participated in an 18-day cross-over self-experiment to 
try an activity of their choice. For all 18 days, they tracked their psychological well-being, 
enjoyment and fit of activity into their routine. Once their experiment ended, we shared 
their personalized results with them. Once the experiment was over, participants were 
invited to provide qualitative and quantitative feedback in the form of follow-up surveys 
and interviews.  
We used an iterative approach to design and evaluate this tool, wherein we first 
tested and obtained feedback on the version of the tool described in Chapter 4 with an 
initial wave of participants (Wave 1). Based on the feedback and themes identified from 
interviews with those participants, we modified the tool. The modified version was then 
deployed to a second, smaller wave of participants (Wave 2). 
Specifically, in Wave 1 (N = 20), all participants tracked the same health 
outcomes (energy, focus, stress, happiness, enjoyment of activity, and fit of activity into 
their routine; Table 4.1) in a quantitative manner. Based on insights and user feedback 
from Wave 1, we revised the daily surveys to incorporate more reflective and 
personalized components, specifically, qualitative tracking of participant experience with 
the activity, and tracking of self-selected outcomes that are personally relevant to each 
person (Wave 2).  
This chapter describes the methods and results for both waves. I first provide an 
overview of the study approach, description of participants, recruitment and setting, 
followed by separate sections for Waves 1 and 2 describing the measures, analyses, and 
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findings. The next chapters include a detailed discussion of the interpretations of the 
results, the strengths and limitations of the approach, along with a description of the 
contributions to existing literature. 
 
5.1 Wave 1 
5.1.1 Overview of Research Approach 
The evaluation was conducted using a mixed methods approach. Eligible participants 
were invited to sign up for Hack Your Health and try an intervention of their choice 
through an 18-day self-experiment (to test that intervention against their usual routine). 
Participants completed a baseline questionnaire where relevant demographic and other 
baseline information was collected prior to beginning their experiment. At the end of the 
experiment, they received personalized results (simplified interpretation of results from 
N-of-1 analyses, in PDF format), and were invited to provide feedback through follow-up 
questionnaires and semi-structured interviews.  
Project aims 
The overarching research question that we aimed to address through this work was: How 
might we design tools that can help individuals make decisions about which behavior 
change strategy to adopt, in a scientific and systematic way that also meets their 
personal needs and motivations? 
We addressed this question through the following specific aims: 
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Aim 1: Examine user burden and adherence to an 18-day self-experiment focused 
on assessing the impact of a behavioral intervention on the user’s health and 
wellbeing 
Aim 2: Evaluate the usefulness of Hack your Health to support a person’s 
decision-making related to continuing or not with simple behavioral interventions  
Aim 3: Examine individual’s conceptual understanding of n-of-1 study 
methods for self-experimentation  
Aim 4: Examine the heterogeneity of individual response to interventions in 
terms of psychological well-being, enjoyment, and fit into their life 
 
Why mixed methods? 
A mixed-methods approach was chosen for this work for a number of reasons. Firstly, 
our aim was not only to evaluate the tool in terms of ‘WHAT’ happened, but to 
understand ‘WHY’, and ‘HOW’.  
We used quantitative methods when appropriate, and also complemented it with 
qualitative insights when available and feasible. For example, for Aim 1 we assessed the 
user burden of the system via a validated questionnaire, the User Burden Scale98 (UBS) 
which is designed to be used with mobile and web-based systems. The User Burden Scale 
was administered at follow-up to help us uncover and quantify the type and magnitude 
of burden that performing an experiment using Hack Your Health placed on the 
participants. The perceived usability (Aim 2) of the system was examined quantitatively 
via a widely used questionnaire developed to measure usability of web-based systems, 
the System Usability Scale108 (SUS). When possible, we asked participants about their 
extreme responses (primarily, negative responses on the UBS and SUS) during follow-up 
interviews to gain an understanding of the reasons behind those responses. Perceived 
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utility (Aim 2) was examined through surveys as well as semi-structured interviews at 
follow-up. Conceptual understanding of N-of-1 methods (Aim 3) was also assessed 
during interviews at follow-up. 
The SUS and UBS, while useful to quantitatively evaluate the overall usability and 
user-burden of the tool, provides only closed responses and thus, limited insights about 
why or how Hack Your Health was perceived to be useful/not useful. When the aim of 
the research is to explore and describe participant experiences, and little is known a-
priori, such as in our case, a qualitative approach is a valuable complement to gain a rich, 
contextual understanding of participant experiences in the real-world, and through 
direct conversations with the users109. Using semi-structured interviews also allows for 
flexibility, such as modification of the interview guide based on insights obtained and 
themes that emerge during the data collection process110.  
The research method for the qualitative aspects of this study (interviews) was a 
descriptive case-study approach111. Yin111 describes a case study as an enquiry “that 
investigates a contemporary phenomenon within its real-life context, especially when the 
boundaries between phenomenon and context are not clearly evident”. This approach is 
appropriate for this work, because participant experiences are not expected to occur 
without interacting with Hack Your Health, and are expected to be highly contextual 
based on how it is used by the diverse sample of participants, necessitating a case study 
approach111,112. This work is considered descriptive, because it is used to describe the 
phenomenon (perceived utility of Hack Your Health) in the real-life context in which it 
was used111. In addition, Yin111 also suggests that a case-study strategy may be 
appropriate for situations in which the intervention that is being evaluated does not have 
clearly defined outcomes, as in our case. 
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5.1.2 Participants, Screening and Recruitment 
Screening Process 
The target participants for this study were adults, aged 18 years of age and above, able to 
read and write in English, living anywhere in the United States, and using a smartphone 
that has regular internet access.  
The activities that were offered as part of Hack Your Health are: (a) performing 
10 minutes of vigorous activity, (b) writing three things you’re grateful for, (c) meditating 
or deep breathing for 5 minutes, (d) blocking digital distractions. Most of these activities 
are low risk activities that could be performed by most individuals without needing 
supervision. Additionally, there is limited existing literature about how experiences 
might differ based on other demographic characteristics, warranting excluding certain 
individuals when exploring the study aims. Moreover, one of the overarching aims of this 
work is also to make the tool scalable to be used by a diverse group of individuals. With 
that in mind, a diverse sample may be more valuable. Hence, there were no overall 
exclusion criteria for this study. However, people were instructed to select an activity 
that they are not currently doing or have recently tried. They were also instructed to not 
to engage in any behaviors that would endanger their health and well-being, and 
warnings accompanied any activities that could be associated with increased risk for 
particular people (e.g., performing physical activity). Warnings were also explicitly stated 
in the consent form. In addition, those who selected exercise as the activity were 
provided a link to Physical Activity Readiness Questionnaire to help them self-assess 
whether they need a physician’s approval before trying it.  
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Recruitment 
Recruitment was carried out via convenience sampling using advertisements and posts 
on social media platforms such as Facebook and Twitter, and by contacting those who 
completed our online survey (as part of user research described in Chapter 3) and 
indicated an interest in pilot testing the tool. The posting included a brief description of 
Hack Your Health and this study, and directed those interested to the study website 
(hack-your-health.org) that provided detailed information about the study procedures. 
Figure 5.1 shows an example of the flyer used for recruitment. 
On the website, participants could read more detailed information about the tool 
and the different activities currently offered. If interested, they proceeded to complete 
the sign-up procedures for their selected activity. Recruitment was carried out on a 
rolling basis. Participants were not compensated for participation in any phase of the 
study. This study was approved by the Institutional Review Board at Arizona State 
University. 
 
Participants 
A total of 22 participants consented and began their experiment. Two participants 
discontinued their experiment. One of the participants dropped out because she felt that 
the tool did not meet her expectations in terms of motivating her to actually do the deep 
breathing meditation. The other participant wanted to try physical activity as her 
intervention, but since she was already doing it, the baseline survey suggested she try 
another activity.   She chose meditation, and within a few days of starting her experiment 
realized that she did not like it and hence wanted to drop out.  
Twenty participants completed their self-experiments. Most participants (n= 19) 
completed the follow-up questionnaires and a subset signed up for interviews (n= 13). 
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More participants signed up to do deep breathing meditation and gratitude journaling as 
compared to vigorous physical activity and blocking digital distractions. Tables 5.1 and 
5.2 display the breakdown of sample size by aspect of study and activity type. Participant 
demographics are presented in Tables 5.3 and 5.4, and in Figure 5.2. 
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Figure 5.1. Recruitment Flyer 
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Table 5.1. Sample Sizes for Different Aspects of Wave 1 (N = 22) 
  
Interviews 
 
SUS 
 
UBS 
 
N=1  
analysis 
Completed self-experiment 
(n =20) 
13 19 19 17* 
Dropped out (n=2) N/A 2 2 N/A 
*3 participants had substantial missingness/backfilled data and so their experiments were not analyzed 
 
Table 5.2. Sample Size by Activity (N = 20; excluding dropouts) 
 
 
n 
 
Interviews 
(n) 
 
SUS 
(n) 
 
UBS 
(n) 
N=1 
experiment 
analysis 
(n) 
Deep breathing meditation 8 6 8 8 7 
Gratitude journaling 6 3 5 5 5 
Blocking digital distractions 3 3 3 3 2 
Vigorous physical activity 3 1 3 3 3 
 
 
The baseline questionnaire asked participants a simple question about their current self-
tracking habits, and whether they had done self-experimentation prior to the 
experiment. 11 out of the 20 participants reported that they do some form of self-
tracking, with physical activity being the most common (n=6). Most (n=11) indicated 
that they hadn’t tried self-experimentation prior to trying Hack Your Health.  
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Table 5.3. Participant Occupations 
  
n 
 
Occupations 
 
Employed, full-time 
 
 
 
 
 
14 Software engineer; Researcher; Postdoctoral Researcher (2); 
Elementary School Assistant Principal; Developer; Professor; 
Program Coordinator; Sr. Manager; Program Manager, 
Education; Archivist 
Employed, part-time 
 
 
2 Waitress; Teaching/Research Assistant; Attorney, Dog trainer, 
Teacher 
Self-employed, part-time 2 Actress, Nanny 
Student 4 3 graduate, 1 undergraduate  
Partially-retired 2 Attorney, Dog trainer, Teacher; Tasting Room Associate 
 
Table 5.4. Participant demographics (N=20) 
  
N(%) 
 
M ± SD 
 
Age, years  
-  
43.28 ± 14.01 
 
Gender 
Female 
Male 
 
14 
6 
 
- 
 
Education 
Advanced degree 
Bachelor’s degree 
Highschool 
 
 
 
11 
8 
1 
 
 
 
- 
Race 
White 
African/African American 
Asian/Asian American 
Biracial 
 
 
15 
1 
3 
1 
 
 
- 
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Figure 5.2. Participant Locations 
 
 
5.1.3 Measures 
 In this section, I describe the measures used to address each of the study aims. 
 
Measures for Aim 1 
User Burden  
User burden was measured using the User Burden Scale (UBS) developed by Suh et al98. 
Participants completed the UBS after they completed their 18-day experiment. Those 
that dropped out were also asked to complete the questionnaire. The UBS measures 6 
aspects of burden: (1) difficulty of use; (2) physical burden; (3) time and social burden; 
(4) mental and emotional burden; (5) privacy burden; (6) financial burden.  
Items on financial burden were removed as they were not relevant to Hack Your 
Health. The UBS has been previously validated, and yielded good internal consistency 
for most subscales, convergent validity and concurrent validity. Although it is a fairly 
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new questionnaire, it has been used in a few studies since its conception in 2016, and is 
one of the very few questionnaires that focuses specifically on user burden.  
Participants were required to answer each question. For items that were assumed 
to be not relevant (in our case, financial burden), the response was assumed to be 0. 
When possible, qualitative feedback about burdensome aspects (based on extreme 
negative responses on UBS) was obtained during interviews at follow-up.  
 
Adherence 
Adherence was assessed in terms of completion rates for daily surveys and adherence to 
the experimental protocol. 
 
Measures for Aim 2 
According to Nielson99, usability is the quality attribute that assesses how easy user 
interfaces are to use, while utility refers to the design’s functionality, and whether the 
system does what the users need. Usability and utility together make up ‘usefulness’ of 
the system. 
The usability of the Hack Your Health system was measured using the System 
Usability Scale (SUS) developed by Brooke108, which is a 10-item scale that gives a global 
subjective assessment of the usability of a system. In general, it measures the 
effectiveness of the system, which is the ability of users to complete tasks using the 
system and the quality of output of those tasks; efficiency -- which is the level of resource 
consumed in performing tasks; and satisfaction -- users’ subjective reactions to using the 
system. During the follow-up interviews, participants were also asked to elaborate on 
some of their responses on the SUS where they indicated low usability to dig deeper into 
the reasons behind those responses. 
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Perceived utility was assessed through semi-structured interviews conducted 
at follow-up. Based on our user research and existing literature, we identified four broad 
domains related to perceived utility relevant to Hack Your Health to explore via the 
interviews: 
1) Decision making about chosen activity: Did the tool meet their expectations and 
needs in terms of influencing their decision-making process about continuing to 
incorporate, or not, their target behavior in their life?  
2) Aid process of habit formation: For those were interested in habit formation, did 
participants view the tool as a useful step in the process of forming a habit? 
3) Tensions between statistical analyses and lived experience/intuition: What 
tensions, if any, emerged between statistical analyses and users’ lived experience 
and expectations (intuitions)?  
4) Outcomes: Were the outcomes measured as part of the experience relevant? What 
kind of outcomes would they be interested in measuring? 
 
The aspect of tensions between analyses and participants’ intuition about what happened 
(#3 above) were also explored through surveys administered pre and post-experiment. 
The pre-experiment survey (Figure 5.3) asked participants to predict the effect they 
expect their chosen activity to have on all four aspects of well-being they tracked during 
their experiment. Specifically, they predicted their hunches on enjoyment of activity, fit 
of activity into their daily routine, directionality and magnitude of effect (including an 
option to say “no effect”), and their level of confidence in that hunch. At follow-up, after 
they had completed their experiment but before we shared results with them, they filled 
out the same questionnaire, this time providing their hunch on the kind of effect they 
thought the intervention had on the same outcomes. This allowed us to examine the 
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discrepancies between participant perceptions and what the statistical analyses suggest 
in a quantitative manner.  
 
      
Figure 5.3. Example of Pre-Experiment Survey Asking Participants to Provide Their 
Hunch on The Impact of The Intervention on Outcomes Tracked in The Experiment 
 
Interview Protocol 
Interviews were conducted over the telephone and audio recorded if participants 
consented. Interviews lasted up to 46 minutes. The different parts of the interview 
protocol were designed to explore the domains outlined above as well as to explore user 
burden/usability issues highlighted through the follow-up surveys. A semi-structured 
interview structure was deemed appropriate for this work because it enables us to 
conduct the interview in a conversational manner. It allows flexibility in terms of the 
ordering and how the questions are asked113. I conducted all the interviews, along with 
taking notes during and after each interview. When necessary, the interview protocol was 
modified based on insights from initial interviews. This practice is recommended, as 
often, the first few interviews provide insights on issues with the initial protocol.  
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Measures for Aim 3 
Through this aim, we were interested in examining whether participants have a 
conceptual understanding of self-experimentation as a method for generating evidence 
at the individual level. This aim was explored during the semi-structured interview at 
follow-up. Dimensions of self-experimentation that were examined were: 
1) Experimental design (e.g., active vs. rest days; What was the purpose of rest days 
as you understand it?) 
2) Tracking outcomes (e.g., Why is it important to track outcomes even on rest days?) 
 
Measures for Aim 4 
Results from all N-of-1 experiments that had enough data to analyze were used to 
examine intervention impact and response variability across all participants who 
completed the experiment. Throughout their experiment, participants also completed a 
daily (optional) open-ended question asking them to provide information about any 
event that they think may have significantly influenced their well-being that day (other 
than the assigned activity). Since we measured outcomes only once a day, all the 
experiments had a risk of being influenced by confounding variables (for example, a 
particularly stressful meeting or receiving some significant good news) that are difficult 
to control. Capturing such contextual information provided a richer understanding of the 
data and were used to complement the examination of the observed heterogeneity. 
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5.1.4 Analyses 
Analyses for Aim 1 
User Burden  
The UBS consists of 20 items and uses two 5-point Likert scales (ranging from 0 to 4). A 
higher score on the scale indicates higher user burden. Overall user burden score is 
calculated as the sum of scores from all items, and ranges from 0 (lowest possible score) 
to 80 (highest possible score). User burden was calculated for the different subscales to 
examine the different aspects of user-burden and be able to tease apart the least and 
most burdensome aspects of the system. User burden across the sample was calculated 
in terms of mean score, median score, and standard deviations, and range of obtained 
scores.  
 
Adherence 
Overall adherence was examined in terms of the means, standard deviation of the means, 
and median of: 
1. Completion rates for daily surveys (%, and days) across sample 
2. Compliance to experimental protocol (%, and days) 
 
Analyses for Aim 2 
Usability 
The SUS consists of 10 items and uses a 5-point Likert scale (from 0-4). The SUS score 
yields a single number that represents the overall usability of the system, and the score 
can range from 1 to 100. First, the sum of scores from individual items is calculated. For 
items 1,3,5,7, and 9, the score contribution is considered to be the scale position minus 1. 
For items 2,4,6,8, and 10, the contribution is 5 – the scale position. The sum of scores is 
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then multiplied by 2.5 to obtain the overall system usability score. The overall usability 
of Hack your Health was calculated in terms of mean scores, median score, standard 
deviations and range across all participants. 
Utility 
Within this case study approach explained in section 5.1.1, a thematic analysis approach 
was used to identify key themes and categories emerging from each interview. Thematic 
analysis is defined as “a method for identifying, analyzing, and reporting patterns 
(themes) within data”101,102. This work made realist assumptions -- that the accounts 
provided by the participants offer insights into their actual experiences with Hack Your 
Health and the self-experiment102,110. Thematic analysis was chosen as the analysis 
method in place of other methods that seek to describe patterns across qualitative data 
because this work is not theoretically bound (although we have identified dimensions of 
interest to guide the data collection through user research and based on prior literature 
on self-experimentation)102. The four identified aspects described in section 5.1.3 (under 
Aim 2) were used to define the research as well as interview questions. 
All interviews were transcribed verbatim. Data were analyzed using MAXQDA 
software (MAXQDA, VERBI Software – Consult – Sozialforschung GmbH, Berlin, 
Germany). Data analysis was initiated simultaneously with data collection. This method 
is recommended because it helps the researcher to get fully immersed in the data set, 
and begin identifying important emerging themes that can be further explored in 
subsequent interviews and refine the data collection process113,114. All interviews were 
initially labelled with ‘codes’, which are short words or short phrases that assigns 
meaning to a portion of the interview102. This process helps deconstruct the data. All 
identified codes, in turn, represent the larger themes present in the data. Portions of 
interviews that deviate from questions of interest were left un-coded. In-vivo, structural, 
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as well as process coding were used110,112. In-vivo coding uses phrases from the 
interviews, i.e., participant’s own language, for codes. Structural coding assigns 
conceptual phrases or content-based phrases that represent the topic of inquiry 
(research question). Process coding uses gerunds to code the data115.  
 Data were coded two separate times and reviewed together. A codebook with all 
identified codes was created and organized under different identified domains.  
Each interview (participant) was then examined for presence or absence of all themes 
identified under each domain. Data was organized in terms of count frequency of each 
theme under each domain.  
 
Analyses for Aim 3 
Understanding of N-of-1 methods was also explored via semi-structured interviews 
following the same process as explained above.  
 
Analyses for Aim 4 
Heterogeneity of response was examined based on N-of-1 analyses from the Hack your 
Health system using descriptive statistics, such as the directionality of response to the 
different interventions, reported enjoyment, and reported fit of the activity across all 
participants. Heterogeneity was also examined in light of the qualitative data from daily 
surveys. 
 
5.1.5 Findings 
In this section, I describe the findings and insights gained by organizing them under the 
different aims of the study. When reporting and discussing results, we refer to 
participants in different activities as:  
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Gratitude journaling: G1-G6 
Deep breathing meditation: M1-M8 
Vigorous physical activity: P1-P3 
  Blocking digital distractions: B1-B3 
 
Findings: Aim 1 
User Burden  
Results from the User Burden Scale (UBS) indicated that most participants did not find 
Hack Your Health burdensome, and reported no burden on most items on all subscales. 
The mean, standard deviation, and median within each subscale of the UBS are 
displayed in Table 5.5.  
In semi-structured interviews at follow-up, it was clear that few participants were 
confused by the source of the burden the scale was asking about, i.e., whether the scale 
was referring only to the technological aspects of Hack Your Health or the experience of 
the activity they tried. For example, P1’s response to one of the items of the Physical 
subscale of the UBS, Use of Hack Your Health is too physically demanding, was, “a little 
bit of the times”. When probed about it, she said: “I think what I, because some of the 
questions, I could not figure out if it was asking about the set-up being demanding, or 
the activity. Uh sometimes, I felt that the activity was demanding, because sometimes 
even the 10 minutes was not easy on some days to find time for it. That’s what I meant 
by demanding.” 
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Table 5.5. Scores for Hack Your Health on UBS Subscales 
 
 
UBS Subscale 
 
Mean 
 
SD 
 
Median 
 
Grade 
 
Difficulty of Use 0.14 0.14 0 A 
Physical 0.02 0.03 0 A 
Time and Social 0.05 0.11 0 A 
Mental and Emotional 0.03 0.03 0 A 
Privacy 0.07 0.08 0 A 
 
 Additionally, one of the major problems reported by participants was related to 
the response scale used for the items assessing their perceived stress, energy, focus and 
happiness. The response scale we used was a 100-point scale (e.g., 0=Not at all stressed 
to 100=As much as possible). As mentioned earlier, these particular questions and 
response scales were used for their properties of having high face validity and being 
continuous (to increase statistical power). However, participants found it “hard to 
quantify” their state on that 100-point scale. B3, for example, said he found it difficult to 
differentiate between “72% happy today vs. 78% happy the next day” and that it felt 
somewhat “arbitrary”. For some, it was using a 100-point slider-scale on their phone 
screen that made it difficult to be accurate. 
 
Adherence  
Adherence and completion rates are reported in Table 5.6. Overall, the average survey 
completion rate was 88.89% (SD = 12.13, Median = 88.88), which is an average of ~16 
days of completed surveys out of 18. Four participants had a 100% completion rate.  
The average adherence rate (sticking to the experimental protocol) was 69.44% 
(SD = 27.42, Median = 77.28) with 4 participants who had a 100% adherence rate. This 
was equivalent to participants performing the activity as assigned on 6-7 of the 9 activity 
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days. Other aspects of adherence are presented in Table 5.6. At follow-up, 37% of 
participants reported that they found it somewhat easy to stick to the day’s assignment, 
21% found it very easy, 26% found it somewhat difficult, and 16% found it very difficult 
(Figure 5.4).  
Most (95%) participants reported some significant event affecting their well-
being on at least one of the days of the experiment. The average number of days with 
reported significant events affecting their well-being was 4.6 days (SD = 2.11, Median = 
4.5).  
Visualization of the missingness in data over time (Figure 5.5) across all 
participants suggested that missingness may have increased slightly over time, around 
days 13/14. It is important to note that the high missingness seen on Day 1 could be due 
to a technical error with surveys that occurred at the beginning of the experiment 
(majority of participants started their experiments on the same date).  
 
Table 5.6. Adherence and Compliance Rates 
 
 
 
 
Mean 
 
SD 
 
Median 
 
Range 
 
Missingness (days) 
 
2.15 2.18 2 0-7 
Missingness, activity days  
 
1.25 1.71 1 0-6 
Completion Rate (days) 15.85 2.18 16 11-18 
Completion Rate (%) 88.89 12.13 88.88 61-100 
Adherence to experimental protocol (days) 
 
6.25 2.47 7 1-9 
Adherence to experimental protocol (%) 
 
69.44 27.42 77.78 11.11-100 
Days with a significant event 
 
4.6 3.38 4.5 0-11 
Activity days with significant events 2.55 2.11 2 0-6 
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Figure 5.4 Perceived Ease/Difficulty of Sticking to the Day’s Assignment 
 
 
Figure 5.5. Missingness Over Time 
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Findings: Aim 2 
Usability 
System usability, measured using the SUS, indicated a mean score of 90.12 out of 100 
(SD = 10.37), and a median score of 93 out of 100, indicating high usability overall.  
Out of the items on the SUS, lower usability scores were on the items “I think I 
would like to use Hack Your Health frequently”, and “I found the various functions of 
Hack Your Health were well integrated”. When probed during interviews, participants 
noted difficulties with the sliding scale in the daily survey, and the survey links not 
working correctly on a couple days.  
Participant reasons for not wanting to use it frequently were as would be 
expected. Many participants interpreted that item as referring to frequently using Hack 
Your Health to try the same activity they already tried, and their response indicated that 
they wouldn’t go through a self-experiment for the same activity again. For example, B2, 
when probed about their response, said, “Umm, so when I thought about using Hack 
Your Health, I thought about the 6-hour blocking of apps, that’s what I interpreted it 
as. So, I don’t know if I’d go as far as to block my apps for 6 hours outside of the 
experimentation period”. Most participants said they’d use it if they want to experiment 
with something else, or if there’s a different behavior they are interested in.   
 
Utility 
In this section, I describe the results from follow-up interviews (n=13), and supplement 
this information with baseline and other participant information when relevant. Insights 
from interviews are summarized under four domains based on themes that were 
identified in the interviews. Due to the semi-structured nature of the interview, at times, 
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not all questions were asked to each participant. Frequency counts are provided for the 
different themes; however, the denominator should not be assumed to be 13.  
Themes were organized under the following domains: 
1. Motivations behind wanting to try selected activity 
2. Experiment structure 
3. Outcomes 
4. Results and Decision-Making 
 
Domain 1: Motivations behind wanting to try selected activity 
Participants’ initial motivations behind trying their selected activity were assessed at 
baseline using a multiple-choice questionnaire with 8 options to choose from (options 
shown in Table 5.7), where participants were asked to select all options that apply to 
them.  These options were selected based on insights from user research (Chapter 3). 
Most frequent motivations included wanting to experiment and see if it improves their 
well-being (N=20), wanting to make it a habit (n =14), not having been able to adopt the 
activity in spite of multiple tries (n = 10), because research says it works (n=9), and 
because they haven’t tried it before and want to see how they feel (n=8). Motivations for 
all participants are presented in Table 5.7.  
Similar to what was indicated through the baseline assessment, interviews also 
suggested that participants used this tool not only as a way to figure out intervention 
impact but also as a source of accountability to help them get back into an activity, make 
it part of their routine, or to initiate an activity they had been wanting to adopt or try.  
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a) Intervention impact 
A small portion of participants used the self-experiment primarily to figure out if the 
activity was impacting their well-being (n=5). For example, participant B1 who believed 
she uses apps and websites on her phone to distract herself from the work she should be 
doing, said that blocking digital distractions through an experiment was a way to “test 
whether it really was adding stress and adding distractions in a meaningful way to my 
daily life.”  
 
b) Accountability 
While all interview participants reported that they were trying the activity to test and see 
if it improves their well-being when signing up, follow-up interviews indicated that was 
not the primary goal for all. Participants also saw Hack Your Health as a tool that can 
help them get back into an activity they had previously engaged in (n=3), 
initiate a behavior they had been wanting to incorporate in their life (n=3), or 
to make the activity a part of their routine (n=5). For example, G4, who had tried 
gratitude journaling before and remembered liking it, when talking about why the tool 
interested her, said, “I was trying to see if I could get back into it, and I was like wow 
this is like the perfect opportunity for me to try to get back into it because it did help 
when I tried it the first time”.  B3, who had been wanting to spend less time on social 
media saw Hack Your Health as “good extrinsic motivation to supplement my intrinsic 
motivation”.  
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Table 5.7. Baseline Motivations Behind Trying Selected Activity (N=20) 
Motivation → 1 2 3 4 5 6 7 8 
P1           
 
P2            
 
P3            
 
G1           
 
G2           
 
G3         
 
G4          
 
G5           
 
G6         
 
M2            
 
M1          
 
M3          
 
M10          
 
M6          
 
M7            
 
M8           
 
M9          
 
B1           
 
B2         
 
B3          
 
 
                LEGEND 
 
 
                          Motivation Key Freq. 
I want to experiment and test if it improves my well-being 1 19 
I want to make it a habit 2 10 
I haven't been able to adopt this habit in spite of multiple tries 3 6 
Research says that it works 4 6 
I haven’t tried it before, want to see how I feel 5 6 
I remember liking it and want to do it again 6 3 
Some other reason 7 1 
Somebody asked me to try it 8 1 
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Domain 2: Experiment structure 
a) Reminders and surveys 
Most participants reported really liking the daily SMS that reminded them to 
do the activity (n=11), and many reported liking the experiment especially 
because of the accountability through the reminders and daily surveys (n=11): 
 
“I think that doing this experiment was great because of the accountability of it, and 
like, if you’re putting a new habit in your life, and you want to have some kind of 
change, having that text message to check-in every morning or every afternoon, it 
keeps you accountable to committing to that change and supports you, and eventually 
may be you wouldn’t need a check-in because it’s a part of your life.” (G5) 
 
“Best thing about it was getting the message every morning to remind me to do it, and 
then knowing that at the end of the day I would have to fill out the survey about how I 
did that day.” (M9) 
 
“I felt, having the experiment and having the sort of accountability of having to fill out 
the surveys at the end of the day every day, umm, made me more committed to actually 
sticking to it, whereas, I’ve never tried this seriously before, but like, other times where 
I have tried to limit any way, if I don’t have that sort of responsibility to report back, 
there is no consequence for not doing it, it’s harder to stick with.” (B1) 
 
Participants also mentioned liking the daily surveys they completed at the end of each 
day as a check-in and “outlet to reflect” (G5) and to track how they were feeling 
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(n=5).  G4 said that the daily surveys “just put it into perspective for me, like what 
events were happening that day and how it did affect my well-being.”  
 
b) Experimental Design 
Hack Your Health uses a cross-over N-of-1 experimental design where participants 
perform the activity for half of the days and stick to their usual routine for half of the 
days. Each participant was randomly assigned to one of the 12 experimental schedules.  
Most participants did not note any issues with the experimental design.   
 For some, the resulting irregularity in performing the activity 
negatively affected their experience (n=3).  G5 who did not like being randomly 
assigned to the activity, nor having it be easily scheduled said, “For me, if it was a 
regular thing I did every day, I think it would have been much more, long term effects 
for me. I think it would have been like, oh, this is my moment of reflection and then I 
could have that feeling carry through. But because it was sometimes so rushed and 
because it was sporadic, I don’t think I had that long-term effect.” M9 felt that the 
sporadic nature of doing deep breathing meditation “made it difficult for me to feel like I 
was getting started.” 
 Participants were notified the previous evening of their next day’s assignment. 
Some noted that the receiving information about the random assignment the 
evening before made it difficult for them to do the activity and fit it into their 
day (n=3). G2 also mentioned not picking physical activity to try because “I kind of have 
to plan ahead when I’m going to do that. So that’s part of why I didn’t pick that one”. 
M3, who had a low adherence to the experimental protocol suggested that he would have 
liked a step after signing up where he could put the schedule in his calendar “I wonder if 
having an initial step where you put it in your calendar, so you know, okay, this is the 
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time that I’m going to do it every evening so once it’s in your calendar, at least that’s 
how I work, I set that time aside, and I’ll try not to schedule around it.” 
 G5 also felt that her enjoyment of the activity was lower because of it not being 
part of her schedule: “I do remember seeing, ‘did you enjoy it’, and it’s like, you know, 
it’s hard, because I would have enjoyed it, I think. I believe that I would have enjoyed it 
had I made it a routine that I actually was sticking to. But I didn’t enjoy it when I was 
stressed out, and I was like, oh crap, I gotta do this gratitude thing, you know. It goes 
back to not scheduling it and not making it a priority. It became a chore instead of 
something that is an intentional moment of being connected, it became a chore.” 
Some participants felt that the experiment duration was not long 
enough (n=4). For some, it was because of wanting to make it a part of their routine. 
Like P1, who wanted to get back into physical activity: “My hope was that it somehow 
made that switch in my head that yes I need to separate time for this and do it, but 
eventually at the end of these days that I participated in your study, after finishing 
that, I didn’t have that implemented in my [routine], it didn’t change my behavior, I 
think that’s what I was hoping to but it did not.”  
M3 wanted a longer duration because it would better incorporate potentially 
missing data: “I think I would want to be over a longer period of time, just because I 
know I will miss days, just the nature of my day to day life”.  
 
Domain 3: Outcomes 
Most participants said that overall, outcomes that were tracked as part of Hack Your 
Health were relevant to them. But for some, only a subset of the outcomes tracked 
seemed relevant (n=8). For some, it was because they felt that other aspects of their 
life affected certain outcomes much more than the activity.  For example, M10 felt that 
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happiness wasn’t as important of an outcome for her to measure while trying deep 
breathing meditation because,  “I feel like there were so many other factors that were 
going into that on a daily basis that I wasn’t sure that it would be affected by 
meditation.”. For others, it was because it was not an outcome that they felt needed 
improvement: “I never had an issue dealing with stress.” (P1) 
Participants also noticed differences (as a result of the activity) in 
outcomes other than the ones measured in the experiment (n=6). For example, 
M10, when describing effects that she noticed when she did deep breathing meditation, 
said, “I would say the other area that I noticed a difference in is sometimes I have like, 
this off and on chronic pain issue, and sometimes on days when I’m more stressed, it’s 
even worse. So, I could notice the difference in the pain too with the deep breathing and 
that’s something that I was like really excited to find and something that I would 
definitely use moving forward for that.”  P1 said: “I believe I slept better on days I was 
doing vigorous physical activity. I also felt I needed to go to bed earlier on those days.”  
In some cases, the outcome that the person cared about was the activity 
itself (n=3). For example, for B2 and B3, the outcome was to spend less time on their 
phones. B3, when talking about the outcomes he cared about said “biggest thing is the 
autonomy with blocking the distractions”. 
Some of the outcomes participants noticed differences in may have 
also been more proximal and the effect may have been short-lived (n=7). M3 
said, “It felt like, hitting a reset button type thing. I guess I just felt more relaxed, less 
stressed. Yeah, I think there are sort of two parts to that, one is like the... so the effect 
was immediate and may be it was short lived.”  
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 “I did feel at least right afterwards like, okay I’ve got the rest of the day, I can go 
through and do the rest of my stuff here today now.” (M7) 
 
“I definitely noticed, you know it would kind of slow my heart rate down, and 
especially on days when I was already stressed, and I kind of didn’t realize until I 
started the meditation, like oh, my heart is beating faster than normal because I’m 
feeling a lot of anxiety. And then after I did the meditation, it forced me to not have that 
physiological anxiety response that I think also helped me to calm down a little bit.” 
(M10)  
 
Domain 4: Results and Decision-Making 
An important thing to note was that 5 of the 13 participants had not gone over the 
PDF of results that we shared with them before their interviews. When we 
shared results with participants, we had not explicitly asked them to go over results 
before their follow-up interview. It was an assumption that we made that participants 
would go over their results, but quickly realized that that was not the case, and an 
important insight in itself.  
 
a) Intuitions about activity’s impact did not match results 
This aspect was explored through surveys administered pre- and post-experiment 
(explained in section 5.1.3; Figure 5.3). The pre-experiment survey asked participants to 
predict the effect they expect their chosen activity to have on all four aspects of well-
being they would be tracking during their experiment. Specifically, they predicted their 
hunches on the directionality and magnitude of effect (including an option to say “no 
change”), and their level of confidence in that hunch. At follow-up, after they had 
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completed their experiment but before we shared results with them, they filled out the 
same questionnaire, this time providing their hunch on the kind of effect they thought 
the intervention had on the same outcomes. This allowed us to quantitatively examine 
participant expectations, subjective experience, and the discrepancies between 
participant perceptions of the impact and what the statistical analyses suggest. 
Table 5.8 displays the comparison between participant intuition about 
directionality and the certainty of the activity’s impact after they completed the 
experiment, and the directionality as indicated by the results. Overall, participants were 
‘pretty sure’ or ‘very sure’ about their hunch on the effect they thought that the activity 
had on all outcomes (Stress: 15/17, Focus: 12/17, Happiness: 12/17; Energy: 14/17). In 
the table, red pairs under each outcome indicate a mismatch between directionality of 
participant intuition and results, while green pairs indicate a match. Overall, for most 
participants, their intuition about the effect did not match with results (Stress: 3/17 
matched; Focus: 6/17 matched; Happiness: 7/17 matched; Energy: 2/17 matched). 
Table 5.9 displays the comparison between participant predictions about directionality 
before they began their experiment, and intuition about what happened after they 
completed the experiment. The table also displays intuition certainty post the 
experiment. Overall, participants’ own prediction and post-experiment intuitions 
matched more times as compared to post-experiment intuition vs. results. In the table, 
red pairs indicate a mismatch between directionality of participant prediction (prior to 
experiment) and participant intuition about what happened (after the experiment) 
(Stress: 11/17 matched; Focus: 10/17 matched; Happiness: 8/17 matched; Energy: 5/17 
matched). 
    
Table 5.8. Comparison of Intervention Effects: Participants’ Post-experiment Intuition vs. Results* 
 
*Red pairs indicate a mismatch between directionality of participant intuition and results, while green pairs indicate a match. Certainty of the intuition is 
how certain participants about the effect the intervention had on the respective outcomes.
 Stress  Focus  Happiness  Energy 
PID 
Certainty 
Intuition 
Direction 
Intuition 
Direction 
Results 
 
Certainty 
Intuition 
Direction 
Intuition 
Direction 
Results 
 
Certainty 
Intuition 
Direction 
Intuition 
Direction 
Results 
 
Certainty 
Intuition 
Direction  
Intuition 
Direction 
Results 
22 uncertain    uncertain    uncertain    pretty sure ⎯  
21 pretty sure ⎯   pretty sure ⎯   pretty sure ⎯ ⎯  pretty sure ⎯  
210 pretty sure    uncertain  ⎯  uncertain ⎯   pretty sure ⎯  
25 pretty sure    pretty sure ⎯   pretty sure ⎯   pretty sure ⎯  
27 pretty sure    pretty sure  ⎯  pretty sure  ⎯  uncertain ⎯ ⎯ 
28 pretty sure ⎯   pretty sure ⎯   pretty sure ⎯   pretty sure ⎯  
29 pretty sure  ⎯  uncertain    uncertain  ⎯  pretty sure ⎯  
11 pretty sure    pretty sure ⎯ ⎯  pretty sure    pretty sure ⎯  
12 pretty sure ⎯   pretty sure ⎯   pretty sure ⎯ ⎯  pretty sure ⎯  
13 pretty sure    very sure ⎯   pretty sure ⎯ ⎯  pretty sure ⎯  
14 pretty sure  ⎯  very sure ⎯ ⎯  very sure ⎯   very sure ⎯  
15 pretty sure ⎯   pretty sure ⎯   pretty sure ⎯   pretty sure ⎯  
41 uncertain    uncertain    uncertain ⎯ ⎯  pretty sure ⎯  
42 very sure    very sure  ⎯  very sure  ⎯  very sure   
31 pretty sure    pretty sure ⎯ ⎯  uncertain    uncertain ⎯  
32 pretty sure    uncertain ⎯   pretty sure  ⎯  uncertain ⎯  
33 pretty sure  ⎯  pretty sure ⎯   pretty sure ⎯   very sure   
8
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Table 5.9. Comparison of Intervention Effects: Participants’ (pre-experiment) Prediction vs. Post-experiment intuition** 
**Red pairs indicate a mismatch between directionality of participant prediction (prior to experiment) and participant intuition about what happened 
(after experiment). Certainty of the intuition is how certain participants about the effect the intervention had on the respective outcomes.  
 Stress  Focus  Happiness  Energy 
PID 
Certainty 
Intuition
Post 
Direction 
Pre 
Direction 
Post 
 
Certainty 
Intuition 
Post 
Direction 
Pre 
Direction 
Post 
 
Certainty 
Intuition 
Post 
Direction 
Pre 
Direction 
Post 
 
Certainty 
Intuition 
Post 
Direction  
Pre 
Direction 
Post 
22 uncertain    uncertain    uncertain    pretty sure ⎯ ⎯ 
21 pretty sure  ⎯  pretty sure  ⎯  pretty sure  ⎯  pretty sure ⎯ ⎯ 
210 pretty sure    uncertain    uncertain  ⎯  pretty sure ⎯ ⎯ 
25 pretty sure ⎯   pretty sure ⎯ ⎯  pretty sure ⎯ ⎯  pretty sure ⎯ ⎯ 
27 pretty sure    pretty sure    pretty sure ⎯   uncertain ⎯ ⎯ 
28 pretty sure  ⎯  pretty sure  ⎯  pretty sure  ⎯  pretty sure  ⎯ 
29 pretty sure    uncertain    uncertain ⎯   pretty sure ⎯ ⎯ 
11 pretty sure    pretty sure  ⎯  pretty sure    pretty sure ⎯ ⎯ 
12 pretty sure  ⎯  pretty sure  ⎯  pretty sure  ⎯  pretty sure ⎯ ⎯ 
13 pretty sure    very sure  ⎯  pretty sure  ⎯  pretty sure  ⎯ 
14 pretty sure    very sure ⎯ ⎯  very sure  ⎯  very sure ⎯ ⎯ 
15 pretty sure  ⎯  pretty sure ⎯ ⎯  pretty sure  ⎯  pretty sure ⎯ ⎯ 
41 uncertain    uncertain    uncertain ⎯ ⎯  pretty sure ⎯ ⎯ 
42 very sure ⎯   very sure    very sure ⎯   very sure ⎯  
31 pretty sure    pretty sure  ⎯  uncertain    uncertain  ⎯ 
32 pretty sure    uncertain ⎯ ⎯  pretty sure    uncertain  ⎯ 
33 pretty sure    pretty sure  ⎯  pretty sure  ⎯  very sure   
8
1 
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b) Decision based on intuition, not results 
Data suggest that the experience overall helped some participants figure out 
whether the activity is worth continuing with (n=7). M5, who felt an increase in 
anxiety as a result of deep breathing meditation and said “I want to try different kinds of 
meditation. I feel like it should work. I like the idea of meditation, and I have so many 
friends that are like, you know, they meditate and it’s great. I’m like, okay, I’d like to try 
that, I’d like to feel those benefits. So, I’m going to keep trying. But I think that, my 
conclusion is, just the sitting and breathing didn’t really work for me.”  This may not 
have been true for those participants who already knew they liked the activity or that it 
works (n=3). 
However, the decision was not always based on outcomes they measured via 
Hack Your Health or the results we shared once their experiment concluded. Although 
the process seemed to have helped in decision-making, participants’ decision about 
whether the activity is worth continuing to do or not, was often based on 
what they thought happened and on subjective experience rather than the 
results we shared (n=11).  
P1, whose results indicated very little or no change in all outcomes tracked, when 
asked about whether the results impact how she feels about physical activity said, “No it 
does not. If I had the time and motivation I would still do it even if it doesn’t have a 
huge impact that I would expect it to have.”   
B3 had not looked at the results we shared, and said that he “had a very good 
idea that it would help” and results at the end would not make a difference. He said “Yes 
I definitely found that the days when I was conscious about blocking my apps, I felt like 
I had more autonomy over my time and the decisions I made during that time. So, I felt 
more focused, I definitely felt less stressed, more happy in general.” 
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In line with what the results from the surveys comparing participant intuition 
and results suggest, some participants reported being surprised at their results 
when they did not match their intuition (n=5). M7 felt that meditation helped 
when he did it in the middle of the day: “I definitely felt more relaxed, I definitely felt 
more focused or at least was able to look at the rest of my calendar for that day and go, 
oh okay I can get this done, I can get this done, and this is probably going to have to go 
on my tomorrow’s list to be done first and that kind of stuff. So, I probably did the 5 
minutes of breathing and meditation and then spent 2-3 minutes looking at my 
schedule and making some adjustments for the next 24 hours because I had that time to 
do that and had a better sense of what I was going to be able to accomplish for the day, 
at least related to work.”,   
He was surprised when looking at the results: “I looked through it briefly and I 
was a little surprised at my numbers seemed the same across a lot of the things, I was 
like okay, well maybe that means that it didn’t help, or maybe I wasn’t good at 
reporting myself accurately too, I don’t know.”  At the time of the interview, he said “I 
kept doing it. I’ve pretty much have been doing it every day even though the experiment 
stopped a week ago.” 
G2, who had discontinued gratitude journaling after the experiment, said, “I 
didn’t necessarily notice that it changed anything on the days that I did it versus not, 
umm, it did make me do it so that was good I guess.”  She was surprised that results 
suggested an impact on focus and energy, and tried to think of reasons other than 
gratitude journaling that might be related to the difference: “the results also show 
basically no change or may be higher ratings when I didn’t do it, which is why I 
thought maybe it was a time, maybe I just started giving higher ratings over time and 
at the end I wasn’t doing it, but I don’t know if that’s true.” 
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c) Participants know things data don’t 
The daily survey also asked participants about any other event that significantly 
impacted their well-being that day. Overall, participants had 4-5 days (median = 4.5 
days) out of 18 where they reported that something significant had affected their well-
being.  These data and the interviews shed light on many aspects of participants’ context 
and their experience with the study that likely affected their data and results but was not 
accounted for in the analyses.  The analyses we used did not factor in covariates, and 
neither was the study duration long enough to control for outliers.  
Some participants (n=4) noted that at times, they were prompted to do the 
activity because of the evening SMS (with the daily survey), and if they had not 
done it by then, they did it in a hurry because they wanted to do it before the survey, 
because the survey would be asking them about whether they did the activity. Not 
surprisingly, this seemed to be the case especially with meditation and gratitude 
journaling, both of which potentially require less time as compared to vigorous physical 
activity and blocking distractions.  Additionally, overall, data suggest that the time of 
day that participants did the activity tended to be different over the duration 
of the experiment, while the survey was administered at the same time each 
day. Two participants also reported feeling stressed because of the pressure of 
having to fit the assigned activity (M7 and M8) into their day. Two of the three (B2 
and B3) participants who tried blocking digital distractions as their activity 
also reported subconsciously reducing their use of their phone and social 
media even on control days. B2, when talking about days she was assigned to 
maintain her usual routine said, “I was like, yesterday I was able to do it, so why should 
I do anything different today.” 
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Findings: Aim 3 
Most participants (n=11) correctly stated what they thought the purpose of the self-
experiment was. M9 said that he thought the purpose of the experiment was to find out 
"whether or not it was beneficial to do meditation on a regular basis.”   
 “So for me, I was doing the deep breathing meditation and then afterwards 
getting feedback on how that went in your daily life, changing different health related 
outcomes.” (M10) 
 
Two participants thought of this a tool to help them form a habit “I would say 
that, I thought was an experiment to kind of use self-tracking in sort of, and also little 
bit of accountability elsewhere when you’re like reporting back at least with like the 
survey function in order to start building a habit that you’re interested in forming.” 
“To help people improve their lifestyle and get rid of bad habits but usually, I 
mean I’ve been wanting to do this for a while and I just didn’t have the incentive and 
this gave me the incentive to do it. So, I think that’s that, what my sense is, that’s what 
this tool would do, help people get rid of bad habits that they have, or at least develop 
good habits.” (B2) 
 
Most had a sense of the purpose behind days when they were asked to stick to 
their usual routine: “I guess it was to test out a new behavior that might help with 
health or well-being -- on days you do it, do you feel better than days you don’t do it.” 
(G2).  
While participants seemed to have a conceptual understanding of what they were 
trying to do through the self-experiment, other behaviors that were observed, such as 
issues with compliance to experimental protocol, maintaining the fidelity of the 
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intervention (e.g., doing gratitude journaling in a hurry), and backfilling also suggest 
that they may not have a clear understanding of effects of such behaviors on the fidelity 
and validity of the experiment. 
 
Findings: Aim 4 
Results from the individual analyses were used to examine the directionality of effect for 
all interventions across all participants (displayed in Table 5.10; arrows represent 
directionality of change: increase or decrease, and flat line represents no change). 
Overall, results indicate that there was considerable heterogeneity across 
participants for the different intervention-outcome pairs, suggesting that 
not all interventions resulted in improvement for all participants. For 
example, gratitude journaling led to increase in happiness for 2 participants, and 
decrease in happiness for 2 participants and resulted in no change for 1 participant. 
Intervention response for other intervention-outcome pairs is displayed in Table 5.10.  
Additionally, individual-level results also suggest that the same intervention could have 
both, a positive and a negative impact for a given person depending on the outcome (one 
could look at Table 5.8 that illustrates this). However, in light of the short duration of the 
experiment and other limitations of the experimental design described earlier, these 
insights should be interpreted with caution. Additionally, all interventions had a low 
sample size, and vigorous physical activity and blocking digital distractions had only 2 
and 3 participants each. As mentioned in the section describing findings for Aim 2, the 
experiment did not control for confounding variables and contextual factors that affected 
peoples’ experience with the activity. 
Overall perceived enjoyment and fit for the same intervention varied across 
participants; not all participants enjoyed the interventions or found it easy to fit their 
   87 
routine. Enjoyment and fit across all interventions are reported in Table 5.11. While 
these values are the most frequently reported category, participants’ reported enjoyment 
and fit also varied over time.  
 
Table 5.10. Directionality of Intervention Effect Across Participants 
 Stress Energy Happiness Focus 
 *  ⎯   ⎯   ⎯       ⎯ 
Gratitude journaling 4 1 0 4 1 0 1 2 2 1 2 2 
Deep breathing meditation 5 1 1 4 2 1 2 2 3 3 3 1 
Blocking digital distractions 1 1 0 0 1 1 0 0 2 1 0 1 
Vigorous physical activity 1 1 1 2 1 0 2 0 1 1 1 1 
*Arrows indicate directionality of effect. Flat line represents ‘no change’.  
 
Table 5.11. Perceived Enjoyment of Interventions 
 
 Enjoyed 
it 
Enjoyed 
it/ 
Found it 
okay* 
Found 
it okay 
Did 
not 
enjoy 
it 
Gratitude journaling 2 3 0 0 
Deep breathing meditation 2 3 0 2 
Blocking digital distractions 0 0 2 0 
Vigorous physical activity** 2 0 0 0 
                               *equal number of responses in both categories 
**One participant did not do vigorous physical activity on most assigned days and reported 
                                 not feeling like doing it 
 
 
Table 5.12. Perceived Fit of Interventions into Participants’ Routine 
 
 Very 
easy 
Somewhat 
easy 
Somewhat 
easy/Somewhat 
difficult* 
Somewhat 
difficult 
Very 
difficult 
Gratitude journaling 2 2 0 0 1 
Deep breathing meditation 1 2 1 2 1 
Blocking digital distractions 2 0 0 0 0 
Vigorous physical activity 0 0 0 2 1 
             *equal number of responses in both categories 
   88 
5.2 Wave 2 
 
Based on insights gathered in Wave 1, we made a few changes to the tool and deployed 
the modified version to a smaller, second wave of participants. As mentioned in previous 
chapters, the first iteration of Hack Your Health indicated that participants’ unquantified 
subjective experiences with the activity were important in their decision about 
continuing or not with the activity. Data also suggested that these effects might be 
proximal and short-lived/acute, and that participants’ timing of performing the activity 
might have differed substantially from day to day. Participants also noticed differences in 
outcomes other than ones we measured in the experiment, and that not all outcomes 
were relevant to them. Additionally, many participants suggested that the evening survey 
time of 7p often interrupted their evening activities. Data also suggested that the 
irregularity in performing the activity may have negatively affected participants’ 
experience with the activity. These were the insights that informed the modifications to 
the tool in Wave 2.  
This section describes the specific changes we made to the tool, overall aims and 
approach used, followed by sections describing the findings. The protocol and methods 
used in this study were almost the same as those used for Wave 2. Methods are described 
in detail only when they differ substantially. 
 
5.2.1 Changes to the Hack Your Health system and protocol 
Changes were limited only to a few aspects of the daily surveys. For this exploration, we 
decided to make minimal changes to the original version of the Hack Your Health system 
so that it would also allow us to comparatively examine themes and other findings from 
Wave 1. The changes that were made were: 
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1. Timing of daily surveys: Based on feedback from multiple participants, the 
evening SMS was sent to participants at 8p instead of 7p. 
2. Survey questions: The final survey in Wave 2 included four questions in 
addition to those included in Wave 1. The final questions are displayed in Table 
5.13. Questions 4,5,7 and 13-14 are the ones added in Wave 2. Two types of 
questions were added to the daily survey: 
i) Tracking self-selected and personally relevant outcomes: At 
baseline, when signing up for the study, participants were asked to list two 
aspects of their well-being that they personally care about to track during the 
experiment (Figure 5.6). We then developed questions and response formats 
to track the outcomes chosen by participants and asked them to confirm 
whether those questions seemed appropriate. Once participants confirmed, 
questions were added to their daily surveys and their experiment was 
initiated. 
ii) Open-ended reflection about experience with activity: On days that 
participants were assigned to do the activity and did it, they were asked to 
reflect on whether they thought it impacted their well-being that day (Q5 in 
Table 5.13). If they did not do it, they were asked to reflect on what kept them 
from doing the activity that day (Q7 in Table 5.13). 
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In addition to the outcomes you just answered questions about, we would also like to 
track more aspects of your health that you personally care about and are relevant 
to you. 
 
Please list two aspects of your well-being that you'd like to track during 
your experiment to see if [ACTIVITY] affects them.  
 
Your chosen outcomes can be something that is an observable action, or 
psychological state, whatever you prefer. 
1.  Observable - such as "getting through my to-do list for the day" or 
"spending more time with family" or "hours of sleep" 
2. Psychological - such as sadness, fatigue, serenity, anxiety, etc. 
 
Don't worry about HOW they can be measured. Leave that to us. We'll do our best to 
come up with a simple question to track it. 
  
1st aspect of well-being ____________ 
2nd aspect of well-being______________ 
 
Figure 5.6.  Question from Baseline Questionnaire Asking Participants to List to 
Personally Relevant Questions 
  
5.2.2 Overview of Research Approach 
Beyond Aims 1-3 from Wave 1, we also sought to examine the implications of including 
participant-chosen outcomes and open-ended reflection on participant experience with 
Hack Your Health. As mentioned earlier, for this study, we only made these minimal 
changes to the version of the tool used in Wave 1 so that it would also allow us to 
comparatively examine themes and other findings from Wave 1. Specifically, the added 
aims for this study were: 
 
Aim 5: Examine participant experience of tracking self-selected outcomes and of open-
ended reflection of perceived impact of activity  
Aim 6: Examine perceived utility of the ‘usual routine’ days 
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Table 5.13. Daily Survey: Wave 2 
 
Q1. What were you assigned to do today? 
Activity 
Stick to my usual routine 
Q2. Did you do gratitude journaling today? 
Yes 
No 
If Q1 = Activity and Q2 = Yes 
Q3. How was your experience with [activity] today? 
I enjoyed it 
I found it okay 
I did not enjoy it 
If Q1 = Activity and Q2= Yes 
Q4. Approximately what time did you do [activity] today?  
_________ 
Q5. Did you feel that doing [activity] affected your well-being today? 
In what way? 
____________________________ 
Q6. If Q1 = Activity, and Q2 = No: 
I felt like doing gratitude journaling today 
1= Not at all, 5 = Very much 
Q7. What kept you from doing [activity] today? 
____________________________ 
 
Q8. How easy or difficult was it to fit [activity] into your day today? 
Very easy; Somewhat easy; Somewhat difficult; Very difficult 
Q9. How focused are you feeling today? 
Q10. How energetic are you feeling today? 
Q11. How stressed are you feeling today? 
Q12. How happy are you feeling today? 
Slider Scale: 0 = Not at all to 100 = As much as possible 
Q13 and Q14: Questions on two personally chosen outcomes 
 
Q15. Did any event significantly affect your overall well-being today? 
Yes ________________ 
No 
 
5.2.3 Method 
Besides the changes stated in section 5.2.1, the target participants, overall protocol and 
recruitment process for Wave 2 was identical to Wave 1: The evaluation was conducted 
using a mixed methods approach. Eligible participants were invited to sign up for Hack 
your Health and try an intervention of their choice through an 18-day self-experiment (to 
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test that intervention against their usual routine). Participants completed a baseline 
questionnaire where relevant demographic and other baseline information was collected 
prior to beginning their experiment. At the end of the experiment, they received 
personalized results (simplified interpretation of results from N-of-1 analyses, in PDF 
format), and were invited to provide feedback through follow-up questionnaires and a 
semi-structured interview. Additional interview questions were included to obtain 
participant feedback about the changes to the tool.  
 
5.2.4 Participants 
A total of 9 participants consented and started their experiment. One participant 
discontinued their study (was traveling without phone access for the first 5 days of the 
study and wasn’t able to complete surveys, hence dropped out). 
  Eight participants completed their self-experiments. Almost all participants 
(n=7) completed the follow-up questionnaire and interviews. One participant did not 
have enough data to analyze their self-experiment and the same participant did not 
complete the follow-up questionnaire. Sample sizes for the different aspects of the study 
are provided in Tables 5.14 and 5.15. Three of the participants reported that they had 
done some form of self-experimentation before this study, and three reported that they 
currently do some form of self-tracking. Other participant demographics are presented 
in Tables 5.16 and 5.17. 
Table 5.14. Sample Sizes for Different Aspects of the study (N = 9) 
  
Interviews 
 
SUS 
 
UBS 
N=1 experiment analysis 
Completed self-
experiment (n =8) 
 
7 7 7 7* 
Dropped out (n=1) N/A 1 1 N/A 
*1 participant had substantial missingness and their experiment was not analyzed 
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Table 5.15. Sample Size by Activity (N = 8; excluding dropout) 
  
Total (n) 
 
Interviews 
(n) 
 
SUS 
(n) 
 
UBS 
(n) 
N=1 
experiment 
analysis (n) 
Deep breathing meditation 
 
3 3 3 3 3 
Gratitude journaling 2 1 1 1 1 
Blocking digital distractions 2 2 2 2 2 
Vigorous physical activity 1 1 1 1 1 
 
 
Figure 5.7. Participant Locations: Wave 2 
 
Table 5.16. Participant Occupations: Wave 2 
  
N 
 
Occupation 
 
Employed, full-time 
 
 
6 Forecasting, Program Evaluator, Recruiter, Speech 
Therapist, Cartographer, Psychologist 
Self-employed, full-time 1 Architect 
Student 1 Graduate 
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Table 5.17. Participant Demographics (N=8): Wave 2 
  
N(%) 
 
M ± SD 
 
Age, years  
-  
38.82 ± 8.05 
 
Gender 
Female 
Male 
 
 
6  
2 
 
- 
 
Education 
Advanced degree 
Bachelor’s degree 
 
 
 
5 
3 
 
- 
Race/Ethnicity 
White 
 
Hispanic 
 
8 
 
1 
 
 
- 
Household income 
>100,000 
50,000 – 59,999 
20,000 – 29,999 
 
 
6 
1 
1 
 
 
 
5.2.5 Analyses 
Analyses for Aims 1-3 
Data was analyzed to examine user burden, adherence and usability using identical 
procedures from Wave 1. Qualitative data from interviews were examined for themes in 
alignment with Wave 1, with a particular focus on examining if saturation had occurred 
or if any new themes emerged in Wave 2. 
 
Analyses for Aims 6 and 7 
Through email interactions with participants while developing the personally relevant 
questions, and through follow-up interviews, we explored usefulness of tracking those 
outcomes, as well as issues and challenges of incorporating personally chosen outcomes 
and developing appropriate questions to track those outcomes during the experiment. 
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Participant responses to the open-ended question (asked only on activity days) 
about whether they thought that the activity impacted their well-being was examined to 
understand subjective experiences and factors that impact their decision related to the 
activity. Participants were also asked for feedback on the open-ended question during 
the follow-up interviews. 
Perceived utility of usual routine days was examined through thematic analysis of the 
semi-structured interviews at follow-up. The same protocol and procedures for 
interviews and thematic analysis as explained in Chapter 5.1.4 were used to address both 
aims 6 and 7. 
 
5.2.6 Findings 
Findings: Aims 1-3 
Adherence  
Overall, adherence in Wave 2 was similar (in most aspects, slightly better) to that in 
Wave 1. The average completion rate was 93.06% (SD = 11.01, Median = 94.44%), 
slightly higher than the average rate of 88.89 ± 12.13% that was observed in Study 1.  Put 
differently, the average number of missing days for Wave 2 was 1.25 ± 1.98 days, 
compared to 2.15 ± 2.18 days in Wave 2. One of the participants had substantial missing 
data as compared to the other participants, and likely skewed the result. Three 
participants had a 100% completion rate, and 4 participants had only 1 day of missing 
data (94.44% completion rate). The average adherence rate (sticking to experimental 
protocol) was 73.61% (SD = 19.64, Median = 83.33%). When asked about perceived 
ease/difficulty of sticking to the day’s assignment, four participants reporting finding it 
somewhat easy, two reported it being somewhat difficult, and one reported it being very 
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easy (Figure 5.6). Missingness over time is illustrated in Figure 5.7, and just the 
visualization suggests that missingness may not have increased over time. 
As was observed in Wave 1, most participants reported some significant event 
affecting their well-being on at least one of the days of the experiment. The average 
number of days with reported significant events was 5.75 days (SD = +/= 4.98, median = 
5 days). 
 
 
Figure 5.6 Perceived Ease/Difficulty of Sticking to the Day’s assignment (Wave 2) 
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Figure 5.7. Missingness Over Time in Wave 2 
 
Table 5.18 Adherence and Compliance Rates: Wave 2 
 
 
 
Mean 
 
SD 
 
Median 
 
Range 
 
Number of missing days 
 
1.25 1.98 1 0-6 
Completion Rate (days) 16.75 1.98 17 12-18 
Completion Rate (%) 93.06 11.01 94.44 66.66-100 
Number of missing days that 
were activity days 
 
0.63 0.74 0 0-4 
Number of days adhered to 
experiment 
 
6.63 1.78 7.5 4-8 
Percentage of days adhered to 
experiment 
 
73.61 19.64 83.33 44.44-88.89 
Number of days with a 
significant event 
 
5.75 4.98 5 0-7 
Number of activity days with 
significant events 
 
2.88 2.53 2 0-7 
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User Burden 
Results from the User Burden Scale (UBS) were similar to those in Wave 1, and indicated 
that most participants did not find Hack Your Health burdensome, and reported no 
burden on most items on all subscales. The comparison between scores on the UBS 
subscales for Wave 1 and Wave 2 are displayed in Table 5.19.  
 
Table 5.19 Comparison of UBS Scores in Waves 1 and 2 
 
UBS Subscale 
Wave 1 
Mean ± SD 
Wave 2 
Mean ± SD 
Difficulty of Use 0.17 ± 0.36 0.14 ± 0.14 
Physical 0.05 ± 0.08 0.02 ± 0.03 
Time and Social 0.11 ± 0.14 0.05 ± 0.11 
Mental and Emotional 0.07 ± 0.14 0.03 ± 0.03 
Privacy 0.10 ± 0.08 0.07 ± 0.08 
 
 
Usability 
Overall, there was a mean score of 82.86 out of 100 on the SUS (SD = 13.64), indicating 
good usability overall, and a median score of 87.5. Overall, scores observed were lower 
than Wave 1. Similar to Wave 1, lower scores were primarily on the items “I think I would 
like to use Hack Your Health frequently”, and “I found the various functions of Hack 
Your Health were well integrated”.  
Since the sample size was low, we took a closer look at the data, which indicated 
that the lowest scores were from participant B4, who gave it lower scores on the items “I 
would imagine that most people would learn to use Hack Your Health very quickly” and 
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“I needed to learn a lot of things before I could get going with Hack Your Health”. 
Probing during the follow-up interview revealed that she was referring to the effort that 
was needed to effectively block the websites and apps on her devices as part of her 
experiment. 
 
Utility 
Baseline motivations behind trying selected activity were similar to that observed in 
Wave 1. Most frequent motivations included wanting to experiment and seeing if it 
improves their well-being (n=7), wanting to make it a habit (n=4), not having been able 
to adopt the activity in spite of multiple tries (n=4), and because research says it works 
(n=3). Motivations are displayed in Table 5.20. 
No new themes were identified in interviews conducted as part of Wave 2 
(beyond those that emerged in Wave 1; Chapter 5.1.6), which is supportive of achieving 
thematic saturation, which is valuable in qualitative research116,117. 
 
Understanding od N-of-1 study methods 
No new themes were identified beyond those that emerged in Wave 1, thus 
suggesting thematic saturation. 
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Table 5.20. Baseline Motivations: Wave 2 
Motivation → 1 2 3 4 5 6 
G8          
G7        
M11         
M12        
M13            
B4          
B5         
P4           
 
LEGEND   
 KEY FREQ. 
I want to experiment and test if it improves my well-being 1 7 
I want to make it a habit 2 4 
I haven't been able to adopt this habit in spite of multiple tries 3 4 
Research says that it works 4 3 
I haven't tried it before, want to see how I feel 5 2 
I remember liking it and want to do it again 6 1 
Some other reason 7 0 
Somebody asked me to try it 8 0 
 
 
Findings: Aim 5 
Self-selected outcomes 
In some cases, participants’ desired target outcomes (collected via the question displayed 
in Figure 5.6) were too broad, or not specific enough; based on this, I needed to 
clarify/provide options on possible questions to track those outcomes, with support from 
EBH. For example, at sign up, M13 indicated wanting to track being ‘disciplined’ but did 
not state which aspect of his life he wanted to be more disciplined in. When I emailed 
him to clarify, it turned out that he was more interested in being mindful about 
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unhealthy habits. G7 wanted to track ‘serenity’. I emailed her with two options (single 
items chosen from an existing multi-question validated scale: NIH Toolbox Positive 
Affect Age 18+ v2.0) – ‘feeling peaceful’, and ‘feeling content’, so she could choose one 
that seemed most relevant for her. All but one participant listed outcomes that they 
thought would be affected by the activity they were trying. G7, on the other hand, chose 
two outcomes she cared about in general. At times, participants chose outcomes that 
would be best measured in the morning (“How rested did you feel when you woke up this 
morning?”) instead of evenings, when the Hack Your Health survey was taken. 
Participants’ self-selected outcomes and questions used to track those are provided in 
Table 5.21. 
 
Table 5.21 Self-selected Outcomes and Final Questions Included in Experiments 
Participant/ 
Activity 
 
 
 
Outcome 
 
Question 
Gratitude 1 
 
Dissertation Process How productive were you today? 
0 = not at all, 1 = a little bit, 2 = somewhat, 3 = 
quite a bit, 4 = very much 
 2 Feeling hopeless Today I felt motivated 
0 = not at all, 1 = a little bit, 2 = somewhat, 3 = 
quite a bit, 4 = very much 
Gratitude 1 Serenity Today I felt peaceful 
0 = not at all, 1 = a little bit, 2 = somewhat, 3 = 
quite a bit, 4 = very much  
 2 Motivation Today I felt motivated 
0 = not at all, 1 = a little bit, 2 = somewhat, 3 = 
quite a bit, 4 = very much 
Meditation 1 Be more efficient at 
work so I can get 
more done in a day 
How efficient did you feel at work today? 
0 = not at all, 1 = a little bit, 2 = somewhat, 3 = 
quite a bit, 4 = very much 
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 2 Feel less 
overwhelmed by 
things I need to do 
How overwhelmed did you feel by things you 
need to do? 
0 = not at all, 1 = a little bit, 2 = somewhat, 3 = 
quite a bit, 4 = very much 
 
Meditation 1 Waking up feeling 
rested 
How rested did you feel when you woke up this 
morning? 
0 = not at all, 1 = a little bit, 2 = somewhat, 3 = 
quite a bit, 4 = very much 
 2 
 
Serenity Today, I felt peaceful 
0 = not at all, 1 = a little bit, 2 = somewhat, 3 = 
quite a bit, 4 = very much 
 
Meditation 1 Handle stress better How would you rate your ability to handle 
stress today? 
0=poor, 1=fair, 2=good, 3=excellent 
 2 Be more disciplined How mindful did you feel today? 
0 = not at all, 1 = a little bit, 2 = somewhat, 3 = 
quite a bit, 4 = very much 
 
Blocking 
digital 
distractions 
1 Catching train in 
morning 
Were you able to catch the train this morning? 
0 = No, 1 = Yes, 2 = Not applicable 
 2 Getting through to-
do list 
How much of your to-do list did you get 
through today? 
0 = none, 1 = Very little, 2 = Half, 3 = Most of it, 
4= All of it 
 
Blocking 
digital 
distractions 
1 Being more 
productive 
How productive were you today? 
0 = not at all, 1 = a little bit, 2 = somewhat, 3 = 
quite a bit, 4 = very much 
 
 2 Being more content 
with my life vs. 
comparing myself to 
others 
Today, I felt content with my life  
0 = not at all, 1 = a little bit, 2 = somewhat, 3 = 
quite a bit, 4 = very much 
 
Vigorous 
physical 
activity 
1 Energy levels How active have you been feeling today? 
0 = not at all, 1 = a little, 2 = somewhat, 3 = 
quite a bit, 4 = extremely 
 
 2 Less stress, able to 
focus on family while 
home 
Were you able to focus on family time while at 
home today? 
0 = not at all, 1 = a little bit, 2 = somewhat, 3 = 
quite a bit, 4 = very much 
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At follow-up, all participants expressed liking the tracking of self-selected 
outcomes. For example, when providing general reactions to the daily survey, said, M12 
said, “I liked that we could choose an aspect to track. I liked that part of the self-
experimentation.”  
Most (n=6) participants indicated that they would like to track a combination of 
self-selected and researcher-selected outcomes. P5 also liked having to reflect on 
outcomes that she did not select: “The ones I chose, because I chose them, they didn’t 
take as much thought, maybe I already had preconceived notions of how to respond to 
them because it’s something that is already on my mind. The happiness and stress, I 
don’t normally put a number to. Those were outside of comfort zone and made me think 
a little bit more.”  
B5 on the other hand, felt that if given a choice, she would choose the outcomes 
that she selected because they felt most relevant to what she wanted to achieve with 
blocking digital distractions. 
Two participants realized during the experiment that their questions needed to 
be modified. G7 felt that the outcome she chose were “vague and open-ended” and felt 
that, “it probably would be helpful if I had given specific questions and specific things I 
was thinking about. As I was answering them, I was applying them to my own 
situation”.  
A few days into the experiment, B4 realized that the outcomes she chose were not 
really measuring what she was truly interested in, and felt the need to refine them to be 
specific enough. She tracked being able to catch her train to work every morning as her 
outcome, but in hindsight realized that “I do catch the train most mornings. Well really, 
I guess I don't want to be running to the train”.  
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Open-ended reflection  
Participant responses to the open-ended reflection provided information about their 
experiences with the activity that would otherwise not be captured through the 
quantitative questions, including how those experiences varied from day to day. For 
example, it was clear that most participants felt a positive impact on some days 
versus others (n=7). For example, in one of the daily surveys, M13 reported: “Not 
really, doing the breathing in the afternoon didn’t have as much of an effect as a 
morning session”, and G7 reported: “Not quite, it was late and quick, less reflective than 
yesterday”.  
Open-ended reflection also provided information about reasons behind non-
compliance by providing more context of the participant’s day and how it affected the 
way the interacted with the intervention. One example is provided in Table 5.22. This 
participant did not block her distractions on one of the days because she “had a minor 
operation today and thought having distractions would be nice”. 
All but one participant (M11) liked having open-ended questions that 
allowed them to reflect on their experience with the activity, although they 
also expressed concerns. M12 felt that the open-ended questions “helps you reflect a 
bit more about your own experience. I think that did help me to sit and think about if 
there was anything that was affected” Although she liked them, she also expressed 
concern that the open-ended reflection may not have been as practical, and that 
she “may have written shorter phrases instead of longer because it was daily”.  
G7 felt similarly about the open-ended questions: “I felt like I was able to give 
more meaningful information and context in the open-ended question, but then it was 
also like, not ideal to type on the phone. So it was helpful that I could give more 
information but I also did not want to type full sentences.”   
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B5 felt that while she liked the open-ended reflection, she “didn’t often have something 
to add. I felt like I was repeating myself throughout the experiment.”  
M11, who felt that the experience helped her figure out that the particular deep 
breathing meditation that was included in Hack Your Health was not working for her, 
retrospectively felt that that the open-ended questions were useful because “writing it 
out made me think about it” but she also believed that she “probably would have had 
that thought anyhow”. 
 
Findings: Aim 6 
Insights from Wave 1 indicated that the irregular nature of performing the activity 
negatively affected the experience for some participants. The same theme was observed 
in Wave 2 (n=3). During the follow-up interviews, we asked participants if they thought 
having days when they maintained their usual routine were useful for them, apart from 
the need for baseline days to enable comparison as part of the experiment. Overall, 
participants had mixed reactions towards usual routine days: 
B4 did not like the short cross-over periods, and said that “I thought it would 
have been more helpful if I had planned week-over- week assignments rather than 
getting a random assignment daily”. She liked having usual routine days as comparison, 
but felt that the cross-over periods needed to be longer for her to really experience 
blocking her distractions and “break the habit”. She also found the usual routine days 
helpful because “it made me a little more aware of my habits, and that was positive”.  
   
Table 5.22 Example of Qualitative Data Obtained from One Participant on Days They Were Assigned to Do the Activity.  
This Participant Tried Blocking Digital Distractions as Their Activity. 
 
Did you 
block your 
digital 
distractions 
today? 
 
 
 
Did you feel that blocking your digital 
distractions affected your well-being today? 
In what way? 
 
 
 
What kept you from blocking your digital distractions today? 
 
No  
“I unblocked the distractions during my morning commute and forgot to 
reapply them during the work day. That said, I did actively avoid the apps 
I wanted to so it didn't really matter.” 
Yes 
“I was prompted to do other, occasionally 
productive things when I reached for my blocked 
apps and remembered I couldn't access them.” 
 
Yes “Yes, I started reading a new book”  
Yes “I don't think it affected my well-being”  
No  
“I didn't have that much to do at work today so I thought there would be 
no harm in unblocking things early. I did block them for a few hours 
though.” 
No  “It's the weekend and I didn't care” 
No  
“I thought I could get through my to do list without formally blocking 
apps” 
Yes “I don't know if it did or not”  
No  
“I had a minor operation today and thought having distractions would be 
nice” 
10
6
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B5 echoed that, and felt that the usual routine days were good for her because “it 
was interesting to see on those days that I didn’t actually block the apps, to see how 
mindless I am with that activity”. This also suggests that the rest days may not have 
been a true baseline for both these participants. The same theme was observed in 
participants trying that activity in Wave 1 (through interviews). 
M12 liked the breaks because she felt that “If I had to do the meditation every 
single day then it would have burnt me out, so having the break was nice”. 
G7 felt that that because she did the gratitude journaling irregularly, it “did not feel like it 
was lasting as long” and expressed that she would like to do it more regularly to really 
feel the difference.  She noted that she understands the purpose that it serves for the 
experiment, “but if I was going to be doing it as sort of an intervention for myself in the 
long term trying to establish a pattern, I’d do it all the time and not have the days off”. 
P5 also said that she understands the need for such days in terms of data for the 
experiment, but if she had a choice, she would not have the usual routine days so that she 
can establish a routine. However, she also noted that “looking back, I do appreciate that 
I was able to differentiate how I was feeling at the end of the day, I really do appreciate 
that time to reflect on it.” 
 
  
   108 
CHAPTER 6 
DISCUSSION 
In the following sections, I summarize key findings, organized by aims from both waves 
of the study.  I then offer possible lessons learned, some of which were not anticipated 
and fall outside of the scope of the targeted aims.  Based on these two points, I then 
discuss this work in relation to similar recent work, and then offer plausible design 
implications for future work that researchers interested in building technology support 
for self-experimentation might want to consider. Following this, I summarize key 
limitations of this work and offer suggested areas of future work related to self-
experimentation in the context of behavioral interventions.  
 
6.1 Summary of Conclusions  
The formative evaluation revealed several interesting insights relevant to self-
experimentation within the realm of behavioral interventions.  The following subsection 
summarizes the conclusions for each aim from both study waves. 
 
Aim 1: Overall, the tool was perceived as low burden. However, participants were also 
confused about the source of the burden (the activity they tried vs. the tool). The amount 
of missingness was ~2 days on average, with some participants having much more 
missing days than others. On average, participants performed the activity on ~6 of the 9 
assigned days over both studies, suggesting somewhat low compliance with the protocol.  
 
Aim 2: Hack Your Health had high usability overall. Participant motivations for trying 
the activity they chose were not only to test its impact on their well-being, but also 
because they were looking for accountability to help them get back into the activity or 
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make it a part of their routine (a theme that was also observed in user research described 
in Chapter 3). In line with that, participants reported liking the daily reminders and 
surveys. Findings suggest that participants found the experience useful to test if the 
intervention helped them, but their decision about the intervention was often based on 
intuition over results. Overall, participant intuition about what happened often did not 
match results, and when that was the case, participants seemed to rely on intuition over 
results.  This could mean that the aspects of the experience that helped them were 
process-related., i.e., structure, accountability, and means of self-reflection that the 
experiment provided than the specific experimental design and the product of the 
experiment, i.e., the results. Data also indicated several issues with the experimental 
design and how the short phase length and random assignment with only a day’s 
warning may have negatively impacted certain aspects of participant experience, such as 
their compliance, perceived enjoyment, and perceived fit. Data also provided insight into 
these and other confounding factors that likely impacted the fidelity of the experiment. 
Outcomes impacted by the activity could have also been more proximal and short-lived, 
and possibly not captured in the daily surveys. All these factors could also explain some 
of the mismatch between their intuition and results. 
 
Aim 3: Participants understood the concept of self-experimentation, and that they were 
doing the experiment to test the effect of the intervention on their well-being. However, 
insights from other aspects of the study which highlight participant behaviors such as 
low compliance to protocol, backfilling, and not maintaining fidelity of the experiment 
(e.g., not blocking apps for the selected duration each time they were assigned, doing it 
in a hurry) also suggest that while they may have a conceptual understanding, they may 
not have a theoretical understanding of experimentation or of the effect of those 
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behaviors on the validity and fidelity of their experiment. It should be noted that the 
latter insight is not surprising, since we did not include any educational materials on this 
topic as part of the protocol.  
 
Aim 4: Results from the multiple N-of-1 experiments revealed that there was 
considerable heterogeneity across people in terms of intervention impact, and perceived 
enjoyment and fit. Additionally, it’s possible that the same intervention had a positive 
and negative impact for a given person, depending on the outcome.  
  
Aim 5: Overall, participants reported liking the tracking of self-selected outcomes, and 
most said they would like to track a combination of researcher and participant-selected 
outcomes. Some of the outcomes participants listed were not specific enough and we 
needed to clarify before creating a relevant question for them to track. Some participants 
also listed outcomes that were close to, but not exactly what they were interested in, and 
outcomes that would be better measured at a time of day different than the one used in 
this study.  These insights indicated that tracking self-selected outcomes could be 
valuable, but participants would likely need more scaffolding to be able to list 
measurable, specific and relevant outcomes to track.  
 Participants also liked the open-ended reflection in the daily surveys, but noted 
that it could be impractical and burdensome to do it frequently via typing on their phone. 
Participants’ survey responses over the 18-days to the open-ended question provided 
unique information about their experience with the activity that was not captured in 
quantified data. These qualitative reflections illustrate how participant experiences with 
the activity were impacted by their day’s/life’s context and the perceived impact varied 
over time (e.g., positive impact on some days vs. others).  
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Aim 6: Participants had mixed reactions towards the utility of the usual routine days. 
While they understood the utility in terms of enabling comparison of the experimental 
conditions, frequently having such days seemed to be at odds with their desire to do the 
activity for longer durations and making it a part of their routine. Essentially, insights 
suggest possible tensions between participants’ process of trying/testing such activities 
vs. how they were trying it through the crossover experiment we used. However, it 
should also be noted that some participants also appreciated having days without the 
activity because it provided an opportunity to reflect on how the activity might be 
affecting them, or just as a break to avoid getting burnt out by doing the activity too 
often. 
 
6.2 Lessons Learned 
Experimental Design and Set-up 
Data indicate that the experimental design had several limitations that need to be 
addressed. On average, participants missed ~2 of the 18 daily surveys, and performed 
the activity on ~6 of the 9 assigned days. The current analyses did not factor in days that 
participants did not comply with protocol and assumed them to be activity days. That, 
coupled with the short duration of the study likely reduced statistical power, suggesting 
that the experimental design needs to be flexible enough to account for missingness and 
non-compliance to protocol. This is in line with previous studies on self-experimentation 
with similar experimental durations, that suggest that missingness is inevitable even 
with shorter experiments and tools need to be designed with that in mind31,118.  
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In the current design, each outcome was measured once a day to avoid increasing 
participant burden. This experimental design inherently assumes that if the overall day’s 
well-being (measured once a day at the end of the day) is not affected, the intervention 
did not have an impact. If the effect was highly acute and short-lived i.e., proximal to the 
time the activity was performed, it may not have been captured in the daily surveys. 
Insights from interviews, however, suggest that proximal/short-lived effects may have 
been important and driven participant decision-making, as opposed to how they felt that 
day overall. Additionally, participant feedback also indicated that many factors affect 
their psychological well-being on any given day, and often, more than the activity they 
tried.  In future iterations, it may be important to explore the use of a longer 
experimental duration, to account for covariates, and increase measurement frequency 
to improve the statistical power of the analyses, as well as to capture effects that may be 
highly acute/proximal.  A way to capture proximal effects without increasing 
measurement frequency could also be to trigger the survey right after participants 
perform the activity.  
 
Lived experience of the structured experiment 
 In terms of the experimental design, some participants expressed that the 
sporadic nature of performing the activity (in phases of 3 days each) negatively affected 
their experience. A few of the participants also said they would have preferred to have 
the experimental schedule instead of being randomly assigned so that they can plan the 
activity in their calendar. The random assignment may have affected their assessment of 
fit and enjoyment, since they did not get to choose when to perform the activity as they 
would outside of the experiment. Future iterations could consider sharing the 
experimental schedule with participants. Knowledge of the schedule may bias results, 
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but may offer a more optimal experience for participants in terms of assessing whether 
the activity “works for them”. 
There seems to be a tension between assessing fit and enjoyment, and 
systematically assessing impact of the activity using the same experimental set-up. For 
example, we did not restrict the time of day that participants could perform the activity 
while in the experiment. Data suggest that without the restriction, participants chose to 
perform the activity at varying times of day throughout the experiment. We maintained 
the flexibility so as to balance the needs of assessing enjoyment and fit of the activity into 
their day. However, the time inconsistency likely affected the data and analyses. So, it 
may be important to keep time of day consistent for stronger analyses – but that in turn 
might affect and bias the assessment of fit and enjoyment, as well as overall participant 
experience with the activity. 
Overall, there seem to be two positive aspects of the usual routine days. One, as a 
break from the activity, and two, as serving the intended purpose of enabling 
comparison. However, although participants seemed to appreciate having the usual 
routine days in terms of the intended theoretical purpose, they did not find them as 
useful personally, because the usual routine days induced irregularity in performing 
activities that would want to perform for longer durations so that it feels like a part of 
their routine to get a sense of how it’s affecting their well-being. Future work should 
explore ways of balancing these three needs. One way of doing that could be by 
increasing the experimental duration and length of the phase (longer than 3 days), and 
having different lengths for activity and usual routine days (activity days phase length 
could be longer than usual routine days) to avoid long breaks from activity but still 
enable comparison. Additionally, break days could be inserted as appropriate, also with 
consideration to the activity itself. For example, it may not be advisable to assign 
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someone to do vigorous physical exercise for many days in a row, and a “break” may be 
important as well as desirable. These changes would have to be made with consideration 
to their impact on the strength of the experimental design and validity of the results. 
Participants liked tracking and reflecting on the outcomes that they personally 
chose. In this study, the research team worked with the participants to clarify and then 
devise questions to track the outcomes. In future work, this process could be automated 
to make it scalable.  Further, if tracking of self-selected outcomes is to be included in 
such tools, it may be necessary to guide participants so that their questions are 
measurable, and specific enough to track. Participants could enter an outcome of their 
choice and be given a range of response scales to choose from. While in the current 
study, we only provided a simple visualization of the data back to participants (did not 
perform any statistical analyses), future studies could also explore how these data could 
be analyzed as part of the experiment, and whether such analyses (hence, going beyond 
just facilitating reflection) are something that is of value and interest to participants. 
 Insights related to the open-ended reflection provided a more nuanced look at 
participants’ subjective experience about the perceived impact of the activity and how 
that varied from day to day based on their life’s context. These data suggested that such 
open-ended reflection within the context of a structured experiment could also be 
valuable in terms of decision-making in a way that is complementary to quantitative data 
and analyses. Additionally, these potentially time-varying relationships could also 
explain the discrepancy between results and lived experience. In this work, we only 
provided participants a list of their listed subjective experiences in their results 
document. Future work could look into how these data could be leveraged in a way that 
is useful to participants or converted to more actionable insights. 
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 While most participants reported liking the open-ended reflection in this short 
study, and the completion rates for surveys were high, they also expressed concerns in 
terms of practicality of typing over the phone and it becoming burdensome over time. 
Additionally, an important point to note is that responses differed in terms of depth 
across participants. Future work could explore ways of facilitating such self-reflection in 
a less-burdensome manner.  
The qualitative survey data and the varying within-person 
positive/negative/neutral responses over time also suggest that it is possible that instead 
of testing whether the intervention worked on average, it might be more important to 
help people figure out in what context the intervention works for them, they enjoy it, and 
it fits in their life.  
It may also be important to explore ways in which such experimentation could be 
made more iterative, and account for factors such as discontinuing the experiment for 
participants who are not enjoying the activity. A more iterative approach might mean 
that they can discontinue that activity and restart their experiment with either a new 
activity or a different operationalization of the same activity (e.g., try guided meditation 
instead of deep breathing). 
 
Decision-Making  
Results suggested that participants’ decision-making about the activity was often 
influenced by factors other than the quantitative self-tracked data and results of their 
experiment. These factors included subjective experiences that were not tracked, such as 
proximal perceived effects likely not captured in the experiment, or noticing differences 
in outcomes other than those tracked in the experiment.  Beyond this, data also suggest a 
mismatch between results (as defined by the experimental protocol) and intuitions of 
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effects based on overall lived experience of the participants.  Critical for decision-
making, when a mismatch between the results from the experiment vs. overall lived 
experience was present, participants appeared to rely more on their intuitions than on 
the results of the experiment when making decisions about future use of the 
intervention.  
There are many plausible explanations for these results that require further 
examination.  For example, this result could be due to expectancy bias or confirmation 
bias as the activities were self-selected. Further, the limitations of the study design itself, 
as already discussed, could partially explain this mismatch. As several participants did 
not go over results at all and yet also had an opinion and intuitive sense on the value of 
an intervention, a third explanation is that the process and structure offered may not, in 
itself, be usable or robust enough, as operationalized in this study, to surpass the 
influence of intuitions on a person’s decision-making process. As this last point 
highlights, it is important to note that these findings should be interpreted only within 
the context of the structure of the current experiment, especially the measurement 
frequency of 1x/day, and short duration of the experiment. These results may have been 
different if the study used a more rigorous protocol for providing a causal inference that 
would have less susceptible to contextual disruptions, which were common and likely 
influenced the robustness of statistical results.  
 
6.3 Insights from This Work in Relation to Similar Recent Work 
A few recent studies have designed digital tools to support the process of self-
experimentation in the health domain. TummyTrials by Karkar et al.31 guides patients 
with Irritable Bowel Syndrome through self-experiments to detect whether a certain food 
triggers particular symptoms. Recent work that is most similar to our work is a study by 
   117 
Taylor et al118, where they developed a self-experimentation app called QuantifyMe, 
which guides users through self-experiments to optimize behaviors they already do (by 
answering questions such as “How does my nightly sleep affect my productivity?”). Both 
studies uncovered important challenges when designing tools to support self-
experimentation. Our work adds to this work by Karkar et al. and Taylor et al. 
TummyTrials utilized a version of alternating treatment designs where they 
randomized individuals to treatment/control every day. TummyTrials was developed 
using the self-experimentation framework developed by Karkar et al.35 which focuses on 
self-experimentation in clinical settings or for health conditions. Their framework 
requires a more rigid experimental design, and that the independent variable 
(intervention) must be well-specified in terms of ‘amount’, and time of day, etc. It is also 
desirable that the independent variable is applied in a reliable manner each time. While 
that makes good sense and may be feasible in a clinical setting where the intervention 
may be elimination or consumption of a particular food, or taking a particular 
medication, I believe that it may not be advisable as the first step in the process in the 
case of self-guided behavioral interventions  
Our underlying assumption that drove the design of the tool was that not only is 
intervention effect important, but an intervention that “works” for a person is also one 
that is enjoyable and fits into their routine. With that assumption, we purposely kept the 
protocol flexible so that people could perform the activity in a way that suits their 
lifestyle. In line with that, our findings (discussed in previous sections) suggest that in 
this context of common healthy behaviors (specifically, outside of a well-defined clinical 
context, where there are specific outcomes that participants want to improve), applying 
an even rigorous design might not provide an optimal experience for participants. Taylor 
et al.118, through their work on QuantifyMe showed similar findings. Participants found it 
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difficult to comply with rigid experimental conditions that the app assigned, suggesting 
that in this context, it may be important to retain some flexibility in terms of the 
independent variable. Additionally, phase-based designs that let people try the activity 
for longer durations may be better-suited to this context as compared to designs that use 
daily randomization such as the ones used in TummyTrials. 
To balance these needs for scientific rigor with participant needs when it comes 
to daily health-related behaviors, a guided and iterative self-exploration approach such 
as the one used by Lee et al39, could be explored. In their work, users iteratively self-
experimented with behavior change plans without using N-of-1 experimental designs. 
As also suggested by our work, the process of performing the activity in a structured 
manner (without specific experimental design) could in itself be a valuable first step 
when trying an activity.  
Building on these insights and the work by Lee et al., one way to balance the 
different needs could be by doing this process in phases: Users could first engage in 
structured self-exploration (i.e., scaffolding provided via reminders and surveys for self-
reflection without using single-case designs) with an intervention of their choice to 
assess whether they find value in it, like it, enjoy it and when it might fit in their routine. 
Insights from that phase could then be used to clearly specify a hypothesis, and 
operationalization of the intervention (including factors such as time of day, duration, 
etc.) in order to inform a more rigorous experiment to assess intervention effect that also 
fits with participants’ own routine and needs.  
 
6.4 Design Implications 
In its current form, Hack Your Health used a simple website, SMS, and an online survey 
platform for all experiment-related communication. Aspects of the current tool that 
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worked well were the daily surveys and reminders sent via SMS. We purposely kept the 
daily communication with participants at only 2 SMS sent per day to reduce participant 
burden (except the first two days in experiment, when more than 2 SMS were sent to 
share important experiment-related information). Participants found this experience 
low-burden overall, liked the accountability it provided, liked having SMS as a medium 
of communication, getting reminders to perform the activity as well as to stick to their 
usual routine, having activity instructions in written as well video format, and the 
previous evening’s heads up that informed them of the next day’s assignment.  
A few key design implications emerged from this work. Digging deeper into 
participant perceptions related to the experimental design indicated that experiments 
designed for rigor may not match with participants’ mental models related 
to engaging with such behavioral interventions. For example, when people think 
of these activities in life, they may want to try them for an extended time to truly assess 
how they feel. While a design with multiple cross-overs might increase statistical power 
and internal validity, it came at the cost of negatively affecting participant experience for 
some. Future tools should explore strategies to balance participant needs with those of 
achieving scientific rigor.  
Protocols supporting such self-experimentation need to be flexible 
and account for non-compliance and missingness. Beyond features such as clear 
instructions and reminders, another way to improve participant compliance and fidelity 
could be to include educational components that provide them the theoretical rationale 
behind aspects of the experiment, such as sticking to the experimental protocol and 
tracking outcomes throughout the experiment.   
Tools designed to support such self-experimentation should explore strategies to 
incorporate participants’ lived experiences with the activity, and outcomes 
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important to the person that the tool may not track. This could help provide 
more reliable and context-specific insights about the effect of the intervention on their 
well-being. Beyond that, future work in this domain should account for ingrained beliefs 
that participants may have about the effects of popular interventions. 
We have used some of the key insights and directions highlighted in this and 
previous sections to inform the next iteration of Hack Your Health (currently in 
development; study being led by one of the collaborators of this project, Dr. Richard 
Kravitz from UC Davis) which will be deployed to a larger sample of individuals. 
Specifically, we are now testing a longer experimental duration (30 days) with a longer 
phase length (5 days), which would let individuals try the intervention for a longer period 
of time overall, as well as in each phase. Additionally, participants will now be provided 
their experimental schedule when they sign up, giving them more time to plan it in their 
schedule.  
 
6.5 Limitations and Methodological Considerations 
There are certain limitations to this work that should be noted. Firstly, those related to 
the Hack Your Health system. The outcomes measured in Hack Your Health are self-
reported and hence accompanied with biases that affect self-reported data. However, 
each individual’s data is only used for their own analyses. Additionally, while ideally, N-
of-1 experimentation can be more rigorous when both participant and researcher are 
blinded to the treatment, this is impossible when the treatment is a behavioral 
intervention, and the researcher is also the subject of the experiment. This increases the 
risk of expectance bias34. However, with the use of multiple randomized crossovers, we 
can help reduce that risk. Additionally, the length of experiments is short (18 days), and 
the interventions are expected only to capture acute effects, if any. As mentioned in 
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previous sections, the models currently used in Hack Your Health do not handle 
missingness or factor in days when participants don’t stick to their assignment. 
Additionally, these models performed a simple comparison of means across both 
conditions, and did not factor in the effect of time or potential correlation. Some of the 
insights obtained in the study could be due to these and other limitations of the 
experimental design (such as low measurement frequency) and should be interpreted 
within that context. 
 Relevant to the aims of this work, due to the limited existing literature on self-
experimentation in this context, we had a limited understanding of potential underlying 
covariates, such as if previous self-tracking experience matters or not, that may be 
associated with differential experiences across individuals, which might necessitate 
qualitative analyses also being carried out at the sub-group level. This work was also 
accompanied by the risk of biases associated with qualitative work, especially those 
pertaining to issues with credibility and trustworthiness of findings. Relevant and 
feasible measures (such as creating thorough interview protocols, note-taking, using 
multiple cycles of coding) were taken when possible at every step to mitigate such risks.  
The sample size in different intervention groups was small and unequal. As we 
had expected based on user research, more people signed up to try gratitude journaling 
and deep breathing meditation, so qualitative data is driven by individuals who tried 
those two interventions.  Nonetheless, the limited data from other interventions 
indicated that there might indeed be differences in participant experience depending on 
the intervention. Future work should take measures for more targeted recruitment to 
examine these differences more comprehensively. 
Responses about outcomes people noticed differences in were elicited in the 
interviews. So, it is possible that they may have reflected on it due to the interview 
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conversation. There’s no way of knowing whether people thought about it on their own. 
However, the daily qualitative tracking in Wave 2 captured those thoughts. 
Participants across all the studies were highly educated, many had advanced degrees or 
bachelor’s degrees. It is possible that this concept of self-experimentation seems 
interesting to a particular group of people. Additionally, participants were 
predominantly white females. Findings may not generalize outside the context of this 
demographic, or outside the context of a short self-experiment using similar 
experimental designs. 
 
6.6 Future Work  
In this section, I share some thoughts that I haven’t yet touched upon, or touched upon 
in enough detail in the previous sections and offer some food for thought for future areas 
of work in this domain. 
 
Subjective experiences are important in decision-making 
Much of the work in self-experimentation has focused on and given more 
importance to quantitative tracking and statistical analyses over participant intuition. 
Indeed, that is the assumption we began with, as stated in the introduction: “The focus 
[of such self-experimentation] is not on gaining generalizable knowledge, but to aid 
self-knowledge and self-discovery in a scientifically grounded way, beyond relying 
on intuition”34–36 . In the case of psychological well-being, we avoid relying on 
intuition and “individual subjective” data because it can be misleading and a biased form 
of knowledge119, and affected by issues such as recollection and expectance biases. On the 
other hand, we strive to collect “individual objective data” (i.e., quantification of a 
person’s subjective experience of factors like stress or happiness, as converted into a 
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number) via experiments because, as the assumption of scientists go, this can help to 
control for these biases and provide a more reliable, “objective” and quantified form of 
knowledge. When we initially developed the research question, “How might we design 
tools that can help individuals make decisions about which behavioral intervention to 
adopt, in a scientific and systematic way that also meets the person’s personal needs 
and motivations?” we assumed that the quantified experiences as systematically 
collected through the experiment and self-report measures would have a large impact on 
decision-making. 
However, as observed in this work, intuition and subjective experience were 
important in participant decision-making.  While one response to this could be to 
double-down on quantification via making the studies longer and the like, as suggested 
in previous sections, another possible way to look at this is to think more deeply about 
what is lost when quantification is used to understand a complex phenomenon, such as a 
person’s experience with trying a behavioral intervention to determine if it works for 
them. As demonstrated in this study, qualitative reflection can help capture subjective 
experiences that are important to participants that quantitative data does not. This could 
be due to a number of experiment-related (e.g., low measurement frequency, data not 
accounting for confounding factors, not capturing proximal effects, or effects that the 
participant cares about, etc.) as well as participant-related factors (self-selection bias, 
expectancy bias, prior beliefs, etc.). Lived experience could also be important in itself as 
this information, particularly how lived experience can uniquely capture insights about 
how a person’s personal history and context can influence outcomes, are arguably 
essential for achieving the high-level aspirations of developing valid causal inferences of 
interventions. As the many contextual examples of factors that likely impacted inference 
imply (e.g., knowledge of days of particularly high stress or busyness related to other life 
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event, illness, spending a day outdoors with family and not needing any intervention that 
day, noticing that the activity doesn’t seem helpful if done at night, noticing that the 
activity helps them in certain states such as in periods of high work load or high stress) 
there is logical reason and justification to assert that, for this specific person, these lived 
experience qualitative assertions illustrate some very plausible factors that, causally, 
influenced the study outcomes.  As discussed in agile science56, future methodological 
work is needed to further understand and unpack how concrete operations, which, like 
this, offer clear and plausible insights around issues like causation, need to be advanced.  
If we are to assume that participant subjective experience is valuable, then in 
addition to increasing rigor of the experimental design, we could also explore strategies 
to make the subjective qualitative data more reliable. This could be achieved via more 
frequent qualitative reflection such as the daily reflection used in this study to help avoid 
biased recollections at the end of the experiment. Such daily reflection could also be 
made more reliable and low burden by providing scaffolding for the self-reflection (such 
as guiding users through the self-reflection process via specific questions)120.   
Ultimately, we want to support people in self-learning, and empower them to 
navigate and tune their health. Before getting fixated on the kind of data used in such 
tools, it may be important to take a few steps back (and looking back, something we 
should have examined in our user research) to understand, outside the context of an 
experiment, how do people go about such decision-making? What kind of evidence and 
how much evidence do people need for decision-making? Answers to these questions 
could help us get closer to understanding the reasons behind the mismatch between 
participant experience and results, and its implications on the design of such tools.  
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CHAPTER 7 
CONCLUSION 
7.1 Summary 
In this dissertation, we designed and evaluated a tool that provides the structure for 
people to try a simple, self-guided behavioral intervention via an N-of-1 experiment to 
test if the activity improves their well-being while simultaneously also tracking their 
perceived enjoyment and fit of the activity into their routine.  
In partnership with Elaine Chen from WNYC (now at the New York Times) and 
several others (see acknowledgements), we began designing this tool with an aim to 
make it scalable enough to be used by a diverse group of ~15,000 users. We conducted 
user research to understand participant motivations, and interventions and outcomes of 
interest to a diverse audience. Insights from user research were used to develop a 
testable prototype of this tool, Hack Your Health. The initial design let users try one of 
four available activities (deep breathing meditation, vigorous physical activity, blocking 
digital distractions, and gratitude journaling) to test the impact of the activity on their 
energy, focus, stress, and happiness, along with assessing its perceived enjoyment and fit 
into their life. In Hack Your Health, the experiment lasts for 18 days and uses a cross-
over design (with intervention and baseline phases consisting of 3 days each). At the end 
of the experiment, each participant’s data is analyzed and shared in simple language 
(and using plots) in the form of a PDF document.  
In this work, we conducted a formal evaluation of the tool in an iterative manner, 
using mixed methods, via two waves of participants. In the first wave, all users tracked 
the same outcomes (mentioned above) in a quantitative manner. Insights suggested that 
participant intuition about the effect of the activity drove their decision-making and they 
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noticed differences in outcomes not tracked in the experiment, as well as effects that may 
have been acute/proximal to when they performed the activity. These findings motivated 
the changes we made to the tool, and as such, in the second wave, the tool was modified 
to support more qualitative tracking of experience with activity and to include tracking of 
personalized and participant-selected outcomes. 
 The formative evaluation revealed several interesting insights relevant to self-
experimentation in the realm of behavioral interventions. The tool had high usability and 
low-burden overall. Participants understood the concept of self-experimentation, and 
that they were doing it to test the effect of the intervention on their well-being. 
Participants reported liking the daily reminders, and the survey at the end of the day. 
Findings suggest that participants found the experience useful to figure out if the 
intervention helped them, but it was possibly through the structure, accountability, and 
means of self-reflection that the experiment provided than the precise experimental 
design and results.  
 
7.2 Contributions 
This dissertation explores the use of self-experimentation to help people in decision-
making about healthy activities that work in general and/or are often associated with 
heterogeneity in terms of response. It highlights the need for expanding the 
conceptualization of tools that support behavior change. While many existing tools 
support behavior change related to various aspects of life, from finance management to 
meditation, the focus is largely either on self-tracking or habit formation of specific 
behaviors. Very few tools take a step back and help individuals empirically test, through 
self-experimentation, whether an intervention has the desired effect in the first place 
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while also providing insights on if it fits into their lives and if they enjoy them. 
Participant feedback indicated that they liked the structure the self-experiment provided. 
This highlights the value of this approach overall, including of the lived experience of the 
study beyond the study results itself, in supporting decision-making about healthy 
behaviors. Put differently, the process of performing the activity in a structured manner 
(without specific experimental design) could in itself be a valuable first step when trying 
an activity. 
By including four distinct activities for participants to try, we were also able to 
begin exploring how user experience might differ in the context of different 
interventions. For example, those trying blocking digital distractions found themselves 
being more aware of their phone usage and reducing phone usage even on usual routine 
days, suggesting that a frequent-crossover design may not be appropriate for such an 
intervention. Participants trying gratitude journaling and meditation at times did it in a 
hurry (potentially because those two require lower time and resource commitment) 
when they hadn’t done it by the time the received the evening survey, likely impacting 
fidelity of the intervention. 
The use of single-case designs has not yet been widely examined in digital tools 
that let users try popular behavioral interventions. Through the use of our mixed 
methods approach, we were able to uncover challenges with using commonly used 
single-case designs in the context of decision-making related to behavioral interventions, 
specifically, when performing an activity in an experimental set up may not offer the 
most optimal experience or be appropriate, such as when the purpose of the experience 
might be to assess whether the activity fits within their current context and routine. We 
offered suggestions on how these designs could be modified to be better suited to 
support such self-experimentation. 
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Insights from the second wave of the study, where we included qualitative 
tracking of experience with the activity revealed important contextual information likely 
important in terms of causal inference that was missed in the quantified data. These 
daily reflections also illustrated that participant experiences with the intervention were 
unique, varied over time (positive at times, neutral at times, and negative at times; as 
opposed to static) and were often impacted by the context of their day and life (e.g., busy 
day at work, illness, low motivation, etc.). This suggested that self-experimentation tools 
may need to go beyond just assessing intervention effect on average, and account for 
such time-varying experiences and help participants gain context-specific insights about 
the intervention effect (e.g., meditation seems to calm you down on days when you 
report being particularly stressed). These data also highlighted the importance of 
incorporating lived experiences into the process of inference and supporting decision-
making. 
Additionally, by using pre- and post-experiment assessment of participants’ 
prediction and intuition about the intervention’s effect on their own well-being, and 
through interviews at follow-up, we uncovered discrepancies between participants’ lived 
experience and statistical analyses that such tools will likely need to account for in their 
design. The pre-experiment assessment of participants’ hunches on intervention effect 
indicated that participants may have ingrained beliefs about the effects of popular 
interventions (surveys that indicated participants were often ‘pretty sure’ of the effect 
they predicted an intervention would have) they tried and that intuitions might be an 
important factor to examine and consider when designing such tools (participants were 
‘very’ or ‘pretty sure’ how the intervention affected their well-being). 
These insights were used to inform design implications for tools to support self-
experimentation in this domain, such as using longer experimental duration and phase 
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length, capturing proximal outcomes via appropriate measurement strategies, and 
complementing quantified tracking with qualitative reflection of participant experiences. 
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